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Abstract

The initial stages of banana leaf disease, including small necrotic spot and light chlorosis, can be subtle and difficult to detect
from natural variation and may be omitted in multiple convolutional downsampling. A CNN-based banana leaf disease
classification system using multi-resolution token-mixing attention module (FPMTMA) is proposed in this paper. FPMTMA
is inserted between ResNet-50 stages, and introduces learnable wavelet-packet decomposition, cross-band multi-head
token mixing, frequency-aware gating and multi-resolution skip recalibration to keep the pretrained backbone behavior
unchanged while changing feature-map dimensions. The results on public banana leaf dataset and field collected dataset
revealed the mean accuracy of 95.8% and 89.4% respectively and the mean macro F1 score of 95.2% and 88.6% respectively.
The early vs late symptom discrimination results an AUC of 0.912. The tested conditions resulted in less performance
degradation when compared with the other baselines used in the cross-dataset evaluation. Compared to the baseline, the
module has an increase of 1.2 million parameters and around 2.1 ms of inference latency per image for the GPU. These
results suggest that learnable frequency-band separation and multi-resolution feature mixing can improve banana leaf
disease classification, while robustness under broader field conditions remains to be evaluated.

Keywords: Banana leaf disease classification; wavelet-packet transform; frequency-aware attention; multi-resolution token
mixing; deep learning.
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1. Introduction

Banana (Musa spp.) is an important staple and export crop and the production is affected by foliar diseases
including Black Sigatoka, Fusarium wilt and Cordana leaf spot [1]. Early symptoms may be hard to detect due
to slight textural shifts and chromatic variations such as necrotic speckles, chlorotic streaks and slight edge
discoloration that might be confused with natural senescence under different field illumination [2].
Convolutional neural networks (CNN) are therefore spurring a lot of interest in automated detection systems,
and the CNN deep architectures have been used in the classification of banana disease [3] [4]. However, in
common deep neural networks, the repeated downsampling may result in the loss of fine details in the image
which could potentially contain diagnostic information on early lesions [5].

However, plain convolutions have limited receptive field, which is solved by introducing attention mechanisms.
A backbone can focus its attention on informative responses by means of channel recalibration in Squeeze-and-
Excitation networks and joint channel-spatial attention in CBAM to suppress the irrelevant responses [6] [7].
This idea is extended to global self-attention over image patches with transformer-based models and hybrid
CNN-Transformer models [8] [9]. A few works have been done on frequency-aware hybrid models for plant-leaf
recognition [16] but not explicitly learning bands of wavelet packets with cross-band token interactions.
Wavelet packet decomposition gives a multi-resolution frequency representation, and integration in the
network layers has been proven to retain high frequency information lost by using conventional pooling [10]
[5]- Other approaches for propagating information across spatial position exist, such as token-mixing strategies,
popularized by MLP-Mixer [11]. In the proposed work, the authors are exploring the possibility of using
learnable wavelet packet representations in combination with token mixing for banana disease classification.
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A frequency-preserving, multi-resolution token-mixing attention module is proposed for CNN backbones in
banana disease detection.The module is placed between backbone stages and works on a learnable wavelet-
packet decomposition of the feature map, separating the information about the leaf morphology at low
frequencies and the information about the texture of the lesions at high frequencies before any mixing is
performed. Cross-band multi-head attention further captures the cross-band dependency and a frequency-
aware gating unit dynamically gates these bands by considering the frequency shift, which is essential for the
diagnostic relevance. The pooled multi-resolution tokens from various CNN layers are upsampled, frequency-
preserving skip connections recalibrate the fine spot and edge cues. The module outputs a feature map of the
same size and number of channels as the input image, without needing to change the classifier head, loss
function, and Grad-CAM interface of the hosting detector.

The proposed idea has three aspects. First, our module is different from fixed-attention backbones like SE and
CBAM, which recalibrate responses in the spatial and channel domains, respectively; instead, our module
calculates attention across a learned wavelet-packet token set with explicit cross-band and cross-resolution
mixing and the reconstruction is limited to perfect-reconstruction synthesis filters. Second, the learnable
decomposition makes it possible for its frequency response to adapt to the data; the cited banana classifiers [3]
[4] do not consider learned wavelet-packet tokens and cross-stage feature mixing together. Third, the design
was made deliberately non-invasive: the recalibration scalars are zero-initialized, which allows the pretrained
behavior to be maintained at the beginning of the fine-tuning stage; a band-restricted masking matrix is
designed to ensure stability of training on small banana leaf datasets, but still is compatible with the standard
transfer-learning procedure [12].

The rest of this paper is organized as follows. In Section 2, related work of banana disease detection, attention
mechanism and wavelet based networks is reviewed. In Section 3, it is introduced the preliminaries of wavelet
packet decomposition and token mixing. Section 4 provides an overview of the proposed attention module with
frequency-preserving multi-resolution token-mixing. The datasets, implementation and validation protocol are
described in section 5. The results of the experiments are reported and analyzed in Section 6, and Section 7
discusses limitations and future directions. The paper is concluded at section 8.

2. Related Work

The colour and texture based descriptors which were handcrafted are now extended to deep classifiers, while
at the same time the vision community has developed attention modules and wavelet-based layers to overcome
the spectral limitations of plain convolutions for automated banana disease detection. This section discusses
these three strands and aligns the proposed module within them.

2.1 Deep Learning for Banana Leaf Disease Detection

Past banana disease recognition systems were based on segmented lesion areas and hand-designed features,
and were only robust for specific environments. Recently, transfer learning from pre-trained networks on
ImageNet has become common in plant disease detection [12]. Both hybrid CNN architectures [3] and
lightweight CNNs [4] have been used in banana-specific studies to classify the diseases affecting bananas. There
have been efforts towards joint plant-type, disease and severity detection using CNN-transformer models [13]
that have been extended. The studies provide classification baselines which leave open the problem of learned
frequency-band interactions on the multiple stages of the backbone in relation to banana leaf classification.
2.2 Attention and Token-Mixing Architectures

There are many attention modules to increase the capacity of convolutional layers. The Squeeze-and-Excitation
blocks adjust channel responses globally by a global descriptor and by a bottleneck gating path [6] and CBAM
adds a spatial branch to emphasize informative regions [7]. In the case of the Vision Transformers, they model
the global self-attention with patch tokens [8] and the Swin Transformer employs shifted local windows to
create hierarchical features [9]. The MLP-Mixer is based on token-mixing and channel-mixing multilayer
perceptrons [11]. There are also some other methods reported which are based on frequency in the process of
recognition of plant leaves [16]. The present module emphasizes one particular representation, learnable
wavelet-packet bands, which provide an explicit frequency axis for cross-band and cross-resolution feature
mixing.

2.3 Wavelet-Based and Frequency-Aware Networks

Wavelet analysis gives a multi-resolution decomposition and wavelet packet transforms give a more powerful
band partition than the standard Discrete Wavelet Transform (DWT) [10]. To preserve the high frequency detail
which the conventional downsampling can remove, wavelet pooling layers were added [5]. Wavelet processing
has also been incorporated into transformer backbone like Wave-ViT [14] and frequency domain refinement
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has been explored for robust medical image segmentation with transformers [15]. Other approaches employed
for plant-disease recognition include using a CNN-transformer architecture and a Fourier neural operator
(FOTCA) [16] and a wavelet transform for olive-leaf disease classification [17] [18] and a discrete Shearlet
transform combined with a deep CNN for brinjal leaf disease classification [19]. The results of these studies
show the importance of frequency-aware features for various kinds of vision tasks. In the present work, another
combination of banana leaves is explored, learnable wavelet-packet separation, cross-band token mixing, and
multi-resolution integration at multiple CNN stages.

The framework proposed differs from the above works in three aspects. First, the wavelet-packet analysis and
synthesis filters are not hardcoded but learned end-to-end and the reconstruction is coupled to the perfect-
reconstruction condition, which means that the frequency response adjusts itself according to the morphology
of the banana disease while still being invertible. Second, attention is computed across not only seven wavelet-
packet bands, but also across tokens pooled from all backbone stages, resulting in through-and-through mixing
across bands and resolutions that is not captured by other wavelet-based transforms or SE/CBAM. Third, the
module has interface preservation and is zero-initialized, meaning it can be seamlessly inserted in any banana
detection systems without changing the classifier, loss, and Grad-CAM pathway.

3. Proposed Methodology
This section introduces the two building blocks on which the proposed module rests: the wavelet packet
transform, which supplies the multi-resolution frequency partition, and the token-mixing operator, which
supplies the mechanism for propagating information across positions. This section first reviews the filter-bank
formulation of the wavelet packet transform and its perfect-reconstruction condition, then describes the token-
mixing formulation popularized by MLP-Mixer, and finally introduces the notation used throughout the paper.
3.1 Wavelet Packet Decomposition and Perfect Reconstruction
The 1-level DWT is performed using a pair of analysis filters, h0 and h1, and downsampling to divide a signal
into a low pass approximation, and a high pass detail branch. The wavelet packet transform is an extension of
this technique, which recursively filters both branches, resulting atlevel ] in J+1 sub-bands of equal bandwidth,
instead of one approximation and ] details [10]. If the feature map is two dimensional, the analysis filters are
applied separately to the rows and columns, generating four sub-images for each node, and full recursion
results in 4) band coefficients. The decomposition depth (]J) is used to obtain a wavelet-packet token set
comprising seven detail bands and one approximation band.
There are synthesis stages for each analysis stage, which upsample the coefficients and convolve the synthesis
filters go and g1 with them. For the biorthogonal case, the filter bank is said to have the perfect-reconstruction
property if and only if the cascade of analysis and synthesis exactly regenerate the input signal without
modification of its coefficients.

hy(2) go(2) + hy(2) g1 (2) = 2279, (1)
where d is the reconstruction delay. Orthogonal wavelets such as Haar and Daubechies satisfy Equation 1 with
gi(z) = h;(z™1), whereas biorthogonal families relax this constraint to obtain linear phase at the cost of
asymmetric filter pairs [20]. The condition is important for our purposes because it guarantees that any
modification applied to the band coefficients is the only source of deviation from the input, so that a network
layer built on this transform can be interpreted as a frequency-selective edit of the feature map rather than as
an uncontrolled re-encoding.
3.2 Token Mixing
A Token Mix is a function that performs an exchange of information between the spatial locations of the set of
Tokens, while a Channel Mix exchanges information between the features at a fixed spatial location. It was
demonstrated that simply alternating token-mixing and channel-mixing multi-layer perceptrons, without any
convolutions or self-attention, suffice to obtain competitive image classification accuracy [11]. In the mixer
formulation, a token tensor X € RN*C with N tokens and C channels is transformed as

U=X+W,o(W; LNX)")T, (2)
In particular, where o a is a nonlinearity and W1,W> are the weights of the token-mixing MLP along the token
axis, LN denotes layer normalization. Attention-based mixing is based on the same construction as attention;
the token axis is processed by multi-head dot-product attention rather than a common MLP. The mixing
operator is agnostic to the definition of the tokens, and can be applied to spatial patches, to channel groups, or
to wavelet-packet band coefficients, as in the present work, which is the reason for developing the mixing
operator.
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3.3 Notation

Let F € RH*WXC the feature map produced by a backbone stage, with spatial dimensions H X W and C channels.
The wavelet-packet analysis operator is written W, its synthesis counterpart W1, and the resulting band
coefficient tensor B = W(F) with K bands. Multi-head attention over a token set is denoted MHA(:), and ©®
denotes the Hadamard product. Learned parameters are marked with a subscript 8. These symbols are used
consistently in the following section.

4. Frequency-Preserving Multi-Resolution Token-Mixing Attention Module

The proposed module is included in a traditional banana leaf detection pipeline under the feature
representation subsystem. A regular backbone like ResNet-50 classifier is kept as the host network and the
module is added between every residual stage in the network. Every insertion feeds back a re-calibrated path
feature map to the stage output with the same spatial and channel dimension, allowing the classifier head to be
left unchanged, as to be the same as the cross-entropy loss and the Grad-CAM pathway. The learnable wavelet
packet band separation, cross-band multi-head token mixing, and band-specific frequency-aware gating are
described in detail in the following subsections, with the frequency-preserving multi-resolution skip
recalibration described afterwards for the entire block as shown in Figure 1.

Frequency Decomposition and Reconstruction Multi-Resolution Skip
[ Cross-Band Token Mixing |
Leamabie (@) Basd idenity Embesding
rnmmage] Wt packe S8 | o | tsaatinion || o0 | ||| Adapive | CossReschton{ | iinesr || ZenBalzd || | Ot
Fvrs || Sequences | | () PeeBand Projecton Filtrs ' Recallbration || |Festure Map
@ Band-Spedific Frequency
Gating

Identity Skip Connection

Figure 1. Internal Architecture of a Single FPMTMA Block

4.1 Learnable Wavelet-Packet Band Separation
The first component replaces the fixed analysis filters of the wavelet packet transform with learnable filters

initialized from an orthogonal prototype. For each channel, the define a low-pass and a high-pass analysis filter

as modulated versions of fixed orthogonal prototypes gio) and 81(-:)):

gL =oW) g, gu = o(Wi) gy, (3)
where W;, Wy € RX are learnable modulation vectors of length equal to the filter support k, and o(-) is the
softplus function, which preserves positivity of the filter taps. The prototypes are taken from the Daubechies-
2 family, and the modulation allows the network to adapt the frequency response to the disease morphology
at hand while retaining the localization properties of the prototype. A two-level recursive packet
decomposition is then applied to the stage feature map F. At the first level, the four sub-bands are obtained by
separable convolution along rows and columns followed by stride-2 downsampling,

ay, =1, (Fxglg), awg=l, Fxglgy), ay. =L, (F*ghg),

apy =z (F * ghign), (4)
where * denotes two-dimensional convolution and |, the decimation operator. The second level is applied
recursively to the approximation sub-band ay, yielding aizL), apL Ly, aLLa and app, gy. The seven detail bands
together with the second-level approximation form the band set B = {B, ..., B,}, where each B,, € RH/2xW/2xC
is a band coefficient tensor. The filters are implemented as depth-wise separable 4 X 4 stride-2 convolutions,
which keeps the additional parameter count to approximately 1.2M for a ResNet-50 host.
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4.2 Cross-Band Multi-Head Token Mixing

The seven band tensors are flattened into token sequences T, € RNb*¢, where N, = HW/4 is the number of
spatial positions per band, and concatenated into a single sequence T = [Ty; ...; T,] € RN*C with N = ¥} N,. A
band-identity embedding E,, € RC is added to every token of band b, so that the attention operator remains
aware of the frequency origin of each token. Multi-head attention is then computed jointly across all bands,

i i\7
(TWQ)(TWK) + M) (TW]}), (5)

Jdu
where Wé, WL, W € R€%9 are the query, key, and value projections of head i, d, = C/h is the per-head
dimension with h = 8 heads, and M € {0, —0}"*¥ is a band-restricted masking matrix. The mask sets the logit
to —oo whenever a query token and a key token originate from bands of incompatible decomposition depth,
which prevents the second-level approximation tokens from attending to first-level detail tokens whose spatial
support does not align. This stabilization is specific to the multi-depth packet token set and is absent from
standard self-attention. The output tokens are reshaped back into per-band maps B,, so that each band retains
its own spatial layout.
4.3 Band-Specific Frequency-Aware Gating
Each reconstructed band is modulated by a learned frequency response that is indexed by the band identity. A
global average pooling descriptor is projected through a per-band bottleneck and expanded back to the channel
dimension,

head; = softmax(

By’ = B, © ¢(GAP(B,) W, )W, 3, (6)
where denotes global average pooling, and are the per-band bottleneck projections, and is the GELU
nonlinearity. Unlike channel-wise Squeeze-and-Excitation gating [6], the gating parameters are not shared
across bands, so the network can selectively trust high-frequency bands for early Black Sigatoka speckles and

low-frequency bands for broad leaf-structure cues. The gated bands are then reconstructed by synthesis filters
tied to the analysis filters through the perfect-reconstruction condition,GAP(~)VI(g(€) € RE*C/4 I/l{q(‘g) €
RC/4XC¢ [6]

h, = reverse(gy), hy = reverse(gy), (7)
so that the reconstructed map X® is band-limited to frequencies the network has learned to trust. The
synthesis cascade follows the inverse of the two-level decomposition, and the resulting map has the same
spatial and channel dimensions as the stage input F.
4.4 Frequency-Preserving Multi-Resolution Skip Recalibration
The final component fuses information across backbone stages. The reconstructed maps X® for [ =1, ...,L
with L = 4 are pooled to a common R X R resolution with R = 7, projected to a shared dimension C bya1 x 1

convolution U;, and concatenated into a cross-resolution token set U = [)?éigl; ,)?}Eﬁ‘))l] Cross-resolution
attention is applied over this set,
UQ)(UK)T
Z = softmax <M> wv), (8)
Ve

where Q, K,V are the shared projections. The per-stage slices Z() are upsampled to the native resolution of
stage [ and injected residually,

YO = X0 4 g, - Convyyy (Up(Za))), 9)
where Up(+) denotes bilinear upsampling and q; is a learnable scalar initialized to zero. The zero initialization
guarantees that the pretrained backbone starts as an identity mapping, and cross-resolution frequency cues

are injected gradually during fine-tuning. The output Y¥ replaces £ as the input to the next residual stage,
and the final stage output is passed to the classifier head.

5. Experimental Setup

This section outlines datasets, implementation protocol, evaluation metrics, and comparative baselines for
evaluating the proposed frequency-preserving multi-resolution token-mixing attention (FPMTMA) module. All
the experiments are arranged such that the backbone architecture, the classifier head, the loss function, and the
Grad-CAM pathway are the same for the configurations that are compared, with the only difference being in the
feature representation subsystem.
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5.1 Datasets

Two kinds of data source are used, which are complementary for controlled conditions and field conditions.
The public source is the Tanzania banana leaf and stem image dataset that contains annotated examples of
healthy leaves, Black Sigatoka and Fusarium wilt Race 1 [21]. The images of leaves are used in this study. The
second source is a dataset of banana leaves collected from the field and used for this work, which was obtained
by using handheld devices under natural illumination, different types of background noise, and various stages
of the disease, such as early stage with minute necrotic speckles and faint chlorotic streaks. When testing across
datasets, comparisons are limited to public and field labels. Similar to the pretrained host backbone [12],
images are resized to 224 x 224 pixels and normalized according to the ImageNet statistics.

In order to maintain a fair and reproducible assessment, our datasets are split with stratified splits so that the
class proportions are identical across the training, validation and test subsets with a ratio of 70/15/15.
Stratification is performed at the image level and a leaf-level grouping constraint is used for the field data to
ensure that multiple photographs of the same leaf do not end up in two or more splits to avoid optimistic bias
from leakage of near-duplicate images. The augmentation applied during training is comprised of random
resized cropping, horizontal and vertical flipping, small angle rotation, color jitter, and random erasing; resized
cropping images and normalization are applied to the validation and test images. In addition, a cross-dataset
protocol is defined, by training a model on the public dataset and testing it directly on the field dataset and vice
versa, to explore the robustness of the trained model to domain shift in a spectral way.

5.2 Implementation Details

The host network is a ResNet-50 backbone pretrained on ImageNet [22], into which FPMTMA blocks are
inserted after each of the four residual stages as described in Section 4. The learnable analysis filters are
initialized from Daubechies-2 prototypes with support k = 4, and the two-level packet decomposition yields
the seven-band token set. Cross-band attention uses h = 8 heads, and the cross-resolution token set is pooled
to R = 7. All models are trained with stochastic gradient descent using a momentum of 0.9, a weight decay of
1x 107%, and a cosine learning-rate schedule with a base learning rate of 1 X 1073 for newly introduced
parameters and 1 x 10~* for the pretrained backbone. The batch size is 32, and training runs for 60 epochs
with early stopping on validation accuracy and a patience of 10 epochs. The cross-entropy loss is used
unchanged, and the recalibration scalars a; are initialized to zero as specified in Equation 9. Each configuration
is trained with three random seeds, and mean and standard deviation are reported.

5.3 Evaluation Metrics

Due to the class imbalance in both datasets, overall accuracy, macro-averaged precision, recall, and F1-score are
used to measure detection performance. The area under the receiver operating characteristic curve (AUC) is
reported for the binary early versus late symptom discrimination task, and the confusion matrix is analysed to
look for systematic confusions between visually similar symptoms, like Cordana leaf spot and early Black
Sigatoka. As in the standard saliency evaluation [23] the Grad-CAM heatmaps are compared with regions of
annotated lesions by calculating the pointing-game metric and the deletion-based faithfulness score to quantify
interpretability. The important metrics reported for computational cost are: the number of additional
parameters; floating point operations per image; and inference latency on one GPU, allowing for the trade-off
between accuracy and deployment overhead.

5.4 Comparative Baselines

The proposed module is compared to other representative attention and frequency-aware designs that are
integrated into the same ResNet-50 host, to ensure that the differences between the designs are due to the
attention mechanism, and not due to the backbone itself. This consists of the baseline ResNet-50 without any
attention block [6], the Squeeze-and-Excitation recalibration [6], the CBAM joint channel-spatial attention [7]
and a hybrid CNN-Transformer model in which the last block is replaced by a lightweight transformer encoder
[8]. Two baselines are then studied, one of them being a wavelet-pooling backbone which replaces the max
pooling with fixed Haar wavelet pooling [5] and one being a fixed wavelet transformer hybrid that performs a
non-learnable wavelet decomposition prior to self-attention [14]. All baselines use the same data splits,
augmentation policy, optimization schedule, evaluation metrics, and so on to ensure they are considered on a
controlled basis.

6. Results and Analysis
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6.1 Classification Performance on the Public and Field Datasets

The results of detection performance of the proposed FPMTMA module are summarized in Table 1 with the
comparative baselines with respect to both public and field collected banana leaf datasets. For the public
dataset, FPMTMA achieves the best overall accuracy and macro-F1 score when compared to the others and the
gap between FPMTMA and the plain ResNet-50 baseline remains similar for the three random seeds tested.
This is even more noticeable for the field data set, for which the variability in illumination levels and the
presence of early symptoms make higher frequency detail more valuable; this suggests that the benefit of
learnable band separation is not a consequence of the semi-controlled acquisition conditions of the public
source. Specifically, the Haar wavelet-pooling backbone performs better than the baseline but is not as well as
the learnable decomposition, suggesting that it is important to not just have a frequency transform, but to also
learn the response of the filter to the banana disease morphology.

Table 1. Detection performance on the public and field banana leaf datasets. Values are mean +
standard deviation over three runs; best results per column are in bold.

Public Acc Public F1 Params Latency
Method (%) (%) Field Acc (%) | Field F1 (%) ™M) (ms)
ResNet-50 93.1+0.4 92.4+0.5 84.7+0.9 83.2%1.0 25.6 18.3
baseline
+SE 94.0 £ 0.3 93.5+04 86.1+0.7 85.0+0.8 28.1 19.0
+ CBAM 944+ 0.4 939+04 86.8+0.8 85.7+0.9 28.3 19.6
CNN- 94.7 £ 0.5 94.1£0.5 87.2+0.9 86.3+1.0 334 24.1
Transformer
hybrid
Wavelet pooling | 94.2+0.4 93.6 £ 0.4 86.5+0.8 85.4+09 25.6 18.9
(Haar)
Fixed-wavelet 949 + 0.4 94.3 £ 0.5 87.6+0.8 86.7+0.9 31.2 22.7
transformer
FPMTMA (ours) | 95.8+0.3 95.2+0.3 89.4 £ 0.6 88.6 £ 0.7 26.8 20.4

The extra 1.2M parameters and the extra latency of about 2 ms, compared to the baseline, are modest and
significantly smaller than those of the transformer-based hybrids, with the accuracy improvement being
greater. This trade-off would apply to use of the transformer hybrids in handheld scouting devices in the field
where the price would be very high.

6.2 Early Symptom Detection and Cross-Dataset Generalization

The practical value of a banana disease detector depends on its ability to identify infection before lesions
become clearly visible. Accordingly, early-versus-late discrimination is evaluated as a separate binary task.
FPMTMA clearly outperforms the best frequency-aware baseline, and the improvement is clearly seen in the
early-stage subset, which is consistent with the design rationale that high-frequency speckle and edge cues are
not averaged out by downsampling. The confusion matrix also indicates that the dominant residual
misclassification error in the baseline, i.e., between Cordana leaf spot and early Black Sigatoka, is reduced under
FPMTMA, indicating that the gating based on the band-specific class-specific ability to separate the textural
signatures of these two visually similar classes.

As predicted under domain shift, all methods degrade under the cross-dataset protocol and the degradation in
FPMTMA is less than the baselines, but the ordering of the methods remains the same. Some of this robustness
is due to the learnable filters that change their frequency response when training, so that they learn the spectral
priors that are common across acquisition conditions instead of low-level statistics of the source.

6.3 Interpretability and Feature Quality

Figure 2 shows that the heatmaps generated by Grad-CAM for the baseline and the FPMTMA-enhanced
backbone are similar. The proposed module is able to delineate the boundaries of lesions more precisely, and is
sensitive to the fine necrotic specks characteristic of early infection, as compared to the baseline attention,
which is diffuse and often extends beyond diseased leaf tissue. This observation can be quantified, with higher
accuracy in pointing games, and lower deletion scores, suggesting that the heat maps are more in line with
annotated lesions and more faithful to the decision made by the model.

Vol.6, No.13s, 2026 2221


http://www.svedbergopen.com/ijaiml

www.svedbergopen.com/ijaiml International Journal of Artificial Intelligence and Machine Learning

Sample 1 Sample 2 Sample 3

- 08

Baseline
o
o

.
i=]
&

Normalized activation

02

FPMTMA {ours)

00

Figure 2. Grad-CAM heatmaps of the baseline backbone and the FPMTMA-enhanced backbone on
representative banana leaf images, illustrating tighter localization of lesion boundaries and early necrotic
speckles.

6.4 Ablation Study

To assess the contribution of each component, any single part of the module is either deleted/removed or
substituted with another part while the rest of the module and the training protocol are unchanged. The results
are presented on the field dataset in Table 2, and on the Common dataset in Table 3. Table 2, the more difficult
of the two datasets, shows the results. The biggest individual reduction is when the learnable analysis filters
are replaced by fixed Daubechies-2 filters, indicating that adaptation of the frequency response is key to the
improvements. As expected, when the band-restricted masking matrix is removed, performance is reduced and
the variance between runs is increased. The accuracy decreases by a similarly consistent, but smaller, amount
with each of the three frequency-aware gating, cross-resolution skip recalibration, and the zero-initialized
scalars, and it is demonstrated that the scalars initialized to zero have a crucial role in maintaining the
pretrained behavior for the initial epochs of fine-tuning.

Table 2. Ablation study on the field banana leaf dataset. Each row modifies one component of the full
model; values are mean * standard deviation over three runs.

Configuration Acc (%) F1 (%) Early AUC
Full FPMTMA 89.4 £ 0.6 88.6 £ 0.7 0.912 + 0.008
Fixed (non-learnable) analysis filters 87.1+09 86.0+1.0 0.881 + 0.012
w/o band-restricted mask 88.2+1.1 873+1.2 0.896 + 0.011
w/o frequency-aware gating 88.4+0.7 87.5+0.8 0.899 + 0.009
w/o cross-resolution skip recalibration 88.0+0.8 87.1+0.9 0.893 + 0.010
w/o cross-band attention 87.6+0.8 86.6+0.9 0.887 + 0.010
Random (non-zero) «; init 88.5+0.9 87.6+1.0 0.901 +0.011

Altogether, the ablations demonstrate that the accuracy of the full model stems from the learned band
separation, the band-specific gating, the cross-band mixing and the cross-resolution recalibration, with the
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learned decomposition being the biggest contributor and the masking and initialization choices being the most
important for the smaller, noisier field data.

7. Discussion and Future Work

7.1 Interpretability of Learned Wavelet Filters and Correlation with Disease Morphology

The modulation vectors learned are a set of direct vectors that show the frequency response of each stage in
the system. In all seeds, the high frequency responses were stronger at early stages, and the low frequency
responses were stronger at deeper stages. This is in line with early layers capturing the lesion texture and
deeper layers representing the more extensive leaf structure; however, there have been no quantitative
validation of these spectral relationships for the various diseases. Since the filters are forced to be based on a
Daubechies-2 prototype and on positive softplus modulation, this pattern might also be a general form of
feature learning. The frequency-morphology relationship should not be interpreted as established until
comparisons are made with non-plant datasets, and until correlations can be made between the frequency and
the expert-rated severity of the lesion.

7.2 Frequency-Domain Complexity and Edge Deployment

This module introduces 1.2M parameters, most of which are in the first stage, where feature maps and the
attention sequence are largest. This cost can be higher on resource constrained edge devices. Possible
reductions include (1) fewer decomposition bands in the early stages or (2) attention cross-band, which are
not evaluated and have to do with revising the band-restricted mask. The impact of quantization on the learned
filters and recalibration scalars also has not been tested.

7.3 Robustness, Failure Modes, and Generalization

Two acquisition conditions and limited directions of transfer are considered for the cross-dataset results. The
effect of blur, specular reflections, overlapping leaves and strong illumination gradients have not been explicitly
modelled and so the stability of the frequency gating in these conditions is unknown. There was also some
variation between diffuse chlorosis and speckle-type disease and in some instances a high frequency gating
raised the possibility of dusting or insect damage being confused with the disease texture. Using specific field
confounders to identify and report failures by condition would do a better job of characterizing robustness.
The present evaluation does not include the classification of multiple leaves. Detection and segmentation tasks
would be used to measure the module's frequency-preserving design, and whether spatial supervision is
present or not, it would measure how well the module could localize small lesions. This assessment is vital and
should be the next step.

8. Conclusion

This paper proposed a frequency-preserving multi-resolution token-mixing attention network for banana leaf
disease detection, where the learnable wavelet-packet band separation, cross-band multi-head token mixing,
band-specific frequency-aware gating, and cross-resolution skip recalibration were interleaved with a
conventional CNN backbone. The module returns maps of the same spatial and channel dimensions as the host
detector, which results in keeping the classifier head, loss function and Grad-CAM pathway without
modification, and keeping recalibration scalars that have been initialized to 0, so that the pretrained behavior
of the host detector is preserved at the beginning of fine tuning. On a public banana leaf dataset and a field-
collected banana leaf dataset, experiments demonstrated robustness in accuracy and macro-F1 gains over the
plain, channel-recalibrated, spatial-attention, transformer-hybrid and fixed-wavelet baselines, with the best
performance being obtained for early stages of leaf disease and under cross-dataset transfer. The masks,
specifically the band-restricted mask and the zero initialization, and the learnable analysis filters were cited as
the major gains by the ablations. Grad-CAM heatmaps and embedding projections showed more localized and
discriminative representations of the lesions. This extra cost of ~1.2M parameters and ~2 ms of latency is less
than transformer-based alternatives, but the first-stage block contributes to the vast majority of the added
computation and is deserving of optimizations for edge deployment. For the learned filters, a stage-wise shift
from a high frequency emphasis to the low frequency emphasis was apparent and consistent with the
morphology of speckle-based and chlorosis-based diseases, but it is a hypothesis that is partially supported.
Future work will be directed at extending the framework to the detection and segmentation pipelines,
quantifying the relation between gating activations and lesion severity, and characterizing its robustness under
blur and specular reflection and non-pathological texture confounders.
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