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HIGHLIGHTS

We propose a Super Focus Attention
(SFA) that enables efficient global rep-
resentation learning at early network
stages.

We design an adaptive patch merging
strategy that preserves multi-scale in-
formation while reducing spatial resolu-
tion.

The proposed architecture balances
recognition accuracy and computa-
tional efficiency for fruit and vegetable
recognition.
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We present FocalViT, a lightweight Super-Focus Attention Vision Transformer tailored for high-accuracy fruit and
vegetable recognition under stringent resource constraints. FocalViT first deploys Focus Tokens to condense high-
resolution imagery into semantically rich yet compact visual embeddings, drastically pruning the token budget
consumed by self-attention. Subsequently latent spatial-channel attention interactions supersede conventional
matrix multiplications, factorizing global correlation modeling into a sparse affinity mapping coupled with low-
dimensional attention computation. This design yields substantial reductions in FLOPs and memory footprint
while preserving the capacity to capture fine-grained, discriminative cues of agricultural produce.

ABSTRACT

Fruit and vegetable recognition is a core technology in intelligent agricultural sorting systems. Unlike general
object recognition tasks, it faces unique challenges such as the wide variety of crop categories, highly variable
and irregular shapes, subtle fine-grained feature differences, and significant background interference. These char-
acteristics impose stringent demands on both the accuracy and efficiency of recognition models. Although Vision
Transformers have achieved remarkable performance across a range of computer vision tasks, their high computa-
tional complexity in global context modeling limits their applicability in resource-constrained environments, such
as edge devices. To address the challenges of fruit and vegetable recognition, including small object sizes, subtle
inter-class variations, and complex backgrounds, we propose a novel lightweight vision Transformer architecture,
termed Super Focus Attention Vision Transformer (FocalViT). FocalViT introduces a focus token mechanism that
compresses high-resolution agricultural images into semantically meaningful visual embeddings, significantly
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reducing the number of tokens involved in self-attention computation while maintaining strong global model-
ing capability. Moreover, FocalViT incorporates a latent spatial-channel attention interaction mechanism, which
decomposes global attention into two stages: sparse correlation mapping and low-dimensional attention com-
putation. This design enables the model to more effectively extract key visual features from fruit and vegetable
images, such as texture details, color distribution, and shape boundaries. We further develop a scalable family
of lightweight network variants based on FocalViT to accommodate a wide range of agricultural vision tasks.
Experimental results on the Fru92 dataset demonstrate that FocalViT achieves an average Top-1 accuracy of
79.20% with only 2.48G FLOPs, outperforming state-of-the-art(SOTA) lightweight methods and achieving a su-
perior trade-off between recognition accuracy and computational efficiency. The proposed FocalViT also exhibits
real-time inference capabilities on embedded platforms, providing an efficient and deployable solution for in-
telligent fruit and vegetable sorting systems and confirming its technical feasibility for practical applications in

agricultural industrialization.

1. Introduction

The growing global demand for efficient, precise, and sustainable
production has positioned automation technologies as a core driver
in fruit processing, sorting, and quality control [1-4], revolutionizing
industrial workflows. Among these technologies, recognition systems
based on computer vision have emerged as one of the most promis-
ing solutions in food processing due to their flexibility, efficiency, and
cost-effectiveness. In the fruit industry, fruit recognition serves as a
critical component of processing workflows, directly influencing down-
stream operations such as grading, packaging, and quality assessment
[5-8]. Traditional manual identification methods are not only ineffi-
cient but also susceptible to subjective influences. Recent advancements
in computer vision have addressed these limitations through intelli-
gent algorithms integrated with advanced imaging devices, enabling
fruit recognition systems based on computer vision to achieve high-
precision identification in complex environments [9-11]. These systems
significantly enhance production efficiency, reduce labor costs, and
optimize resource allocation. Furthermore, fruit recognition based on
computer vision demonstrates broad applicability across multiple do-
mains. In robotic harvesting, this technology improves picking efficiency
by enabling real-time detection of fruit positions and maturity lev-
els [12-14]. For phenotypic trait evaluation, vision systems rapidly
analyze fruit characteristics such as shape, color, and size, providing
data-driven insights for breeding and quality improvement [15,16]. In
quality inspection, the technology identifies surface defects, diseases,
and mechanical damage, ensuring compliance with stringent product
standards [17,18].

Recent developments in self-attention based ViTs have demon-
strated exceptional feature modeling capabilities in fruit and vegetable
recognition [19]. ViTs effectively capture global features and estab-
lish long-range dependencies, outperforming conventional convolu-
tional neural networks (CNNs) in tasks involving complex backgrounds,
variable lighting conditions, and multi-category produce identifica-
tion. However, the quadratic computational complexity scaling with
input image resolution results in prohibitively high overhead for high-
resolution agricultural image processing, severely limiting practical
deployment. Efforts to optimize token mixers include improved multi-
head self-attention(MSA) mechanisms and heterogeneous MSA(H-MSA).
Enhanced MSA variants retain the query-key matrix multiplication
framework while emphasizing both complexity reduction and improved
long-range dependency modeling. Technical innovations encompass fea-
ture shifting [20], carrier tokens [21], sparse attention [22], and linear
attention [23]. H-MSA, an evolutionary variant, eliminates the rigid
Q-K matrix multiplication constraint to enable more flexible architec-
tural designs [24]. Recent advancements, such as pooled token mixers
[25]and context vectors [26,27], further accelerate inference efficiency.
Models like Swin Transformer [20] introduce local window attention
to reduce computational complexity while preserving feature extrac-
tion capacity. Nevertheless, redundant computations persist in shallow
feature learning, hindering efficient modeling of fine-grained inter-
class distinctions among agricultural produce. For instance, in complex

scenarios, different fruit and vegetable species with similar color or tex-
ture features remain challenging to differentiate using localized window
attention alone. Furthermore, traditional self-attention mechanisms ex-
hibit persistent feature redundancy during information interaction due
to significant variations in fruit and vegetable morphology, ripeness, and
illumination conditions, ultimately compromising recognition accuracy
[28,29].

Despite notable progress in recent research, existing approaches
remain constrained by three fundamental limitations:

1) Real-time processing constraints on the device. The high complex-
ity associated with matrix operations. Induces excessive infer-
ence latency, failing to meet real-time recognition requirements
for mobile applications. In practical scenarios such as orchard
harvesting robots, computationally intensive operations prolong
identification delays, critically impeding picking efficiency [30].
Insufficient Fine-grained Modeling. Current architectures com-
promise fine-grained feature discriminability when compressing
global receptive fields, simultaneously sacrificing the capacity
to model global dependencies-a critical strength of transformers.
This limitation restricts access to efficient and effective global
representations during early neural network stages.

Local Feature Degradation. Prevalent aggressive downsampling
operations in initial image processing stages diminish high-level
feature representations, causing irreversible loss of crucial local
characteristics. For instance, continuous downsampling of straw-
berry images often eliminates microstructural features, directly
undermining maturity grading accuracy.
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To our knowledge, superpixels perceptually group similar pixels to
reduce image primitives for subsequent processing while enabling ef-
ficient global representation learning in shallow visual transformations.
Inspired by this concept, we present FocalViT, a vision backbone specifi-
cally designed for fruit and vegetable recognition, as illustrated in Fig. 3.
The architecture integrates convolutional layers and patch merging to
enhance local feature compensation. Each stage employs stacked SFA
blocks for efficient hierarchical representation learning, with each block
comprising three core modules: Depthwise Convolutional Embedding
(DCE), Focus Token Transformer (FTT) and MLP. Our principal contri-
butions are summarized as follows:

1) SFA: We develop a coefficient association mechanism between
tokens and super-tokens, learning super-token clusters within the
token space to execute self-attention. This enables efficient global
representation extraction at shallow stages while capturing multi-
granular features.

2) Channel-Spatial Attention Mechanism (CSAM): By replacing con-
ventional self-attention with spatial-channel interactive atten-
tion, we eliminate complex matrix computations, effectively re-
ducing redundant operations through low-level spatial-channel
information exchange.
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Fig. 1. Some samples from the Fru92 dataset.
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Fig. 2. Top-1 accuracy versus model parameters on the Fru92 dataset. Circle
colors indicate corresponding FLOPs, reflecting computational cost.

3) Adaptive Patch Merging: Given an input feature map of size
H x W x C, the Patch Merging module downsamples the spatial
resolution by a factor of two and concatenates four neighboring
patches along the channel dimension, producing a % X % x 4C
representation. A learnable linear projection is then applied to
compress the features to 2C channels, enabling adaptive integra-
tion of local multi-scale information while controlling channel
growth. Compared with conventional pooling or stride-based con-
volutions, this design better preserves fine-grained structures and
supports hierarchical representation learning.

We build the FocalViT model family with flexible scaling ca-
pabilities to meet the needs of downstream tasks. In the Fru92
dataset (as shown in Fig. 1), our small variant achieves 78.41%
Top-1 accuracy with only 3.87M parameters, while the large
variant attains 79.2% Top-1 accuracy with 12.77M parameters
(as shown in Fig. 2). The architecture outperforms state-of-the-
art lightweight vision models including MobileViT [31]and so
on exhibiting superior accuracy-efficiency trade-offs for practical
deployment.

2. Related work
2.1. Fruit and vegetable recognition

Traditional fruit recognition primarily relies on manual inspection,
which suffers from subjectivity, inconsistency, and high operational
costs. Early automated approaches employed near-infrared imaging
[32,33] and multispectral techniques [32,34], but their dependence on
expensive instrumentation and complex protocols hindered widespread
adoption. In contrast, computer vision systems offer an ideal alternative

due to their adaptability to diverse environments with minimal config-
uration adjustments. Recent studies have explored applications based
on computer vision across the fruit and vegetable industry, including
volume and surface area estimation [35], grading and classification
[36-38], quality assessment [39,40], and process control [41,42]. While
these methods utilized artificial neural networks (ANNs) and machine
learning models, they still required handcrafted feature engineering
and extensive image preprocessing. Recent advances in CNNs have
driven significant progress in deep learning-based recognition systems
[43]. Lightweight CNNs, in particular, have gained prominence for their
computational efficiency on resource-constrained devices [44-47]. For
instance, Tan [47] proposed a lightweight neural architecture search
(LNAS) model achieving 76% recognition accuracy on mobile platforms.
Sheng [48] further advanced performance by integrating ViTs with
CNNs to extract complementary global-local features. However, ViT of
multi-head self-attention mechanism introduces prohibitive computa-
tional overhead for edge deployment.

Building upon these foundations, we propose a novel model featuring
SFA, an innovative paradigm that redefines attention mechanism design.
SFA incorporates Focus Tokens and sparse correlation learning to reduce
token quantities in self-attention computation by 63% while retaining
global context modeling capabilities. This approach effectively addresses
the efficiency-accuracy trade-off in agricultural vision systems.

2.2. Vision transformers

ViTs have recently revolutionized computer vision, building upon
foundational architectures including VGG [49], GoogleNet [50], ResNet
[51], DenseNet [52], HRNet [53], and EfficientNet [54]. Their suc-
cess in modeling long-range dependencies has redirected research focus
toward developing universal backbone networks. Dosovitskiy [55] pi-
oneered pure ViTs for image classification, demonstrating superior
performance over CNNs. Subsequent innovations like Swin Transformer
[20] introduced hierarchical structures and sliding-window mechanisms
to enhance efficiency and locality. Nevertheless, the original ViT re-
mains challenged by high computational complexity on high-resolution
images, inadequate fine-grained local feature extraction, and deploy-
ment constraints in resource-limited scenarios. Optimization of Vision
Transformers continues to be a critical research frontier.

2.3. Lightweight superpixel

Despite ViT significant contributions, its inherent architectural re-
dundancy necessitates structural simplification. Superpixel techniques,
particularly SLIC [56] by Benjamin Irving et al., reduce computa-
tional complexity through pixel clustering or graph partitioning. Recent
applications extend to semantic segmentation and object detection,
exemplified by Huaibo Huang et al. of Superpixel Transformer [57],
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which executes self-attention in super-token space to balance compu-
tational efficiency with global context learning. However, superpixel-
based ViT backbones often exhibit excessive parameterization, posing
deployment challenges for mobile devices. Parallel efforts address model
compression through efficient token mixers [26,58], maintaining accu-
racy while reducing complexity. Tianfang Zhang and Lei Li of CAS-ViT
[59] eliminates matrix multiplication and softmax operations via convo-
lutional additive self-attention. Building upon these advancements, we
propose a novel integration of superpixel algorithms with lightweight
architectures to enable efficient spatial-channel information interac-
tion, bridging the gap between superpixel processing and edge-device
deployment.

3. Method

To achieve an efficient and lightweight vision model with robust
global modeling capability for fruit and vegetable recognition, this pa-
per proposes a novel architecture termed FocalViT, developed through
systematic optimizations of the Vision Transformer (ViT) framework. An
overview of the FocalViT architecture is illustrated in Fig. 3. The pro-
posed design explicitly targets the domain-specific challenges of fruit
and vegetable recognition, including large intra-class appearance varia-
tion, subtle inter-class differences, and frequent background and illumi-
nation interference. FocalViT integrates two key components: the Focus
Token Transformer module and the CSAM together with a focus token-
guided global representation strategy. High-resolution image patches
are semantically aggregated into a compact set of representative tokens,
significantly reducing token redundancy while preserving critical visual
information. This hierarchical token refinement enables an effective bal-
ance between local feature preservation and global contextual modeling,
addressing the high computational cost, feature degradation, and insuf-
ficient fine-grained discrimination commonly observed in conventional
ViT-based approaches.

Specifically, the adaptive Patch Merging mechanism preserves multi-
scale structural cues by aggregating adjacent patches prior to dimen-
sionality reduction, mitigating the loss of geometric details caused by
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traditional pooling operations. The Super Focus Attention further en-
hances discriminative power by enabling efficient global representation
learning at shallow network stages through a token-super-token affinity
scheme, allowing the model to capture both fine-grained texture patterns
and coarse structural characteristics. In addition, the CSAM module de-
composes global dependency modeling into sparse affinity mapping and
low-dimensional attention computation, improving robustness to back-
ground clutter and illumination variability. Collectively, these design
choices make FocalViT particularly well suited for fruit and vegetable
recognition tasks.

3.1. Super focus attention vision transformer

Given a natural image of size H xW X3, it first passes through a Patch
Merging module composed of convolutional and normalization layers.
Compared to traditional patch partitioning and sequential downsam-
pling approaches [59], our Patch Merging reduces spatial dimensions
while increasing channel numbers. This design provides higher-level
semantic information for subsequent self-attention computation and
adapts to multi-scale image inputs. The process is formulated as:

Xour = Relu(BN (Convsy3(X;,))) ®

The tokens then pass through SFA blocks for hierarchical repre-
sentation extraction. During this process, the feature map undergoes
two-stage downsampling via patch embedding to significantly reduce
computational complexity. Finally, the refined tokens enter the classifi-
cation head to produce predictions for fruit and vegetable images.

The SFA block comprises three key components: DCE, FTT, and MLP.
For the token tensor generated by the Patch Merging module, we first
inject positional information into all tokens through DCE [60]. In con-
trast to conventional positional encoding [61], DCE [60] learns absolute
positional representations via zero-padding during depth-wise convo-
lution, enabling flexible adaptation to images of arbitrary resolutions.
Subsequently, the FTT leverages long-range dependencies to extract
global contextual representations through deformable attention mech-
anisms. Finally, the MLP incorporates two depth-wise convolutions to
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Fig. 3. The Architecture of super focus attention vision transformer.
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enhance local feature learning capabilities, compensating for potential
geometric detail degradation during global aggregation. By sequentially
processing images through DCE, FIT and MLP, FocalViT effectively
captures multi-scale representations that harmonize local texture details.

3.2. Focus token transformer

The FTT module in Fig. 3 primarily consists of three components:
Focus Token Sampling (FTS), CSAM, and Token Upsampling (TU).

3.2.1. Focus token sampling

In the FTS framework proposed in this work, we innovatively in-
tegrate the clustering algorithm from the STT [57] architecture and
introduce adaptive improvements. Specifically, to address the require-
ments of boundary-aware tasks, we design a Spatial Positional Encoding
Enhancement Module by incorporating learnable relative positional en-
coding into feature tokens located in contour boundary regions. This
mechanism significantly enhances the model of capability to capture
geometric characteristics of target objects.

Within the feature processing pipeline, the visual token collection
formed through Patch Merging operations undergoes a dynamic assign-
ment process, where each token is adaptively allocated to the clustering
space of k Focus Tokens. The proposed method adopts a two-phase
optimization strategy:

Sparse Association Map. Inspired by the attention computation
method in self-attention mechanisms [61], we adapt the attention scor-
ing approach to the focused token space to calculate affinity weights
between tokens and focus tokens. To optimize computational efficiency,
we introduce a localized sparse association constraint, restricting each
visual token to establish connections with only the 9 nearest focus to-
kens within its spatial neighborhood. The affinity weight between token
and focus token is defined as:

XT!
Q" = softmax < 2
)

Here, Q denotes the affinity weights, and T represents the Focus
Tokens. Unlike conventional attention score computation where d typi-
cally denotes an abstract dimension, our formulation explicitly defines
C as the channel dimension of the input features.

Focus Token Update. Upon obtaining each token, we perform two-
stage differentiable optimization. First, we apply a dual normalization
strategy to the raw association matrix: column-wise L2 normalization
is implemented to eliminate scale discrepancies, followed by row-wise
Softmax operation to generate probabilistic association distributions.
Subsequently, attention-weighted aggregation is executed based on the
reconstructed association matrix to achieve iterative updates of the
Focus Tokens. This process is formulated as:

Qn
Broadcast(||Q"|012) ) @

0, = Softmax(

T=(Q"'X “)

3.2.2. Channel spatial attention of focus token transformer

Hybrid Local-Global Representation Enhancement via Focus Tokens
Focus Tokens, as compact representations of visual features, inherently
emphasize localized content (e.g., textures, edges) with strong regional
discriminability but exhibit limitations in global semantic modeling.
To address this, we introduce a dual-domain attention mechanism that
compensates for their global representation deficiencies. Traditional
multi-head self-attention computes global attention maps through ex-
haustive query-key interactions, leading to quadratic complexity O(N?),
recent H-MSA methods explore context vector-based token correlation
computation to mitigate this. Inspired by CAS-ViT [59], we recognize
that the strength of self-attention lies in diverse cross-layer interaction
pathways rather than exhaustive pairwise computations. Drawing on the
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ideas from [59], we incorporated channel and spatial based attention
mechanisms into FocalViT of attention mechanism. This allows us to
build separate attention paths along the spatial and channel domains,
reducing computational complexity while enabling multi-level informa-
tion interaction. As shown in Fig. 3(right), the input tensor X € R#*XWxC
is processed in both the spatial and channel domains to implement the
channel spatial attention mechanism.

The Focus Tokens aggregated through FTS first undergo local spa-
tial modeling via a stride-1 depth-wise separable convolution to capture
fine-grained spatial dependencies. This is followed by layer normaliza-
tion and GELU activation to enhance nonlinear representation capabili-
ties. Subsequently, a stride-1 convolution reduces the channel dimension
to 1, and a Sigmoid activation generates spatial attention weights. These
weights are element-wise multiplied with the input tokens to perform
adaptive feature modulation. The complete process is formulated as:

A, = Sigmoid(Conv,y (BN (ReLU(Conuvsy3(T))))) 5)

For channel-wise information exchange, we employ stride-1 group
convolution with group number equal to the channel count to learn
localized inter-channel correlations while maintaining parameter effi-
ciency. Concurrently, global average pooling (GAP) is applied to estab-
lish long-range channel dependencies by aggregating spatial statistics.
The implementation is mathematically formulated as

A, = Sigmoid(Convy, (GAP(T)) 0T (6)

Here, GAP denotes global average pooling, where the number of
groups in group convolution equals the number of channels. After pro-
cessing in the channel and spatial domains separately, we fuse these two
operations, and the resulting feature map is denoted as y(x). The sum
of context scores of Q(T), K(T) defines the similarity function, which is
then used for element-wise multiplication with V(T). The final output of
CSAM can be expressed as:

0 =T(y(Q(M) +w(K(T)) o V() )

Here, O(T)=TW,, K(T)=TW,, V(T)=TW,,I(-) € R**denotes the
linear transformation for integrating context information. We apply
independent spatial-domain convolution enhancement and channel-
domain statistical modeling to Q and V to form complementary feature
representations. This enables the network to focus on more valuable to-
kens. After separate processing, instead of using softmax for attention
calculation, we adopt a linear method for fusion. This avoids the high
complexity caused by matrix multiplication and softmax.

3.2.3. Token upsampling

Naively feeding the down-sampled Focus Tokens into subsequent
layers sacrifices the majority of spatial fine-grained information. To
counteract this, we propose an affinity-matrix-guided upsampling mech-
anism that re-projects the refined Focus tokens back to the original
visual-token lattice and fuses them with the input features. This strategy
simultaneously preserves the global representations captured by Super
Focus Attention and seamlessly integrates the high-frequency details
inherent in the pristine features.

3.3. Complexity analysis

To ensure that FocalViT maintains both high recognition accuracy
and computational efficiency, we conduct a detailed analysis of the
complexity of its core modules. The following sections provide the
theoretical computation cost of each key component in the proposed
architecture.

3.3.1. Channel-spatial self-attention mechanism
In this mechanism, multi-level information interaction in the chan-
nel and spatial domains is designed as a combination of depth-wise



C. Liu, B. Lv, S. Wang et al.

Table 1
Configuration summary of FocalViT models in terms of chan-
nels, parameters, and FLOPs.

Method Channel Parameters(M) FLOPs(G)
FocalViT-L [60, 120, 300] 12.77 2.48
FocalViT-B [48,96,240] 8.32 1.63
FocalViT-S [32,64,160] 3.87 0.77

separable convolution and a Sigmoid activation function. In the spa-
tial domain, geometric structure features are captured via spatial local
receptive fields, with the convolution kernel designed in two sizes. In
the channel domain, full-channel group convolution is used to achieve
non-linear mapping between channels. The complexity is expressed as
follows:

Q(QT)) = QM) S) +AQ(T); C) = 13KC ®

Here, T € R*Crepresents the focus token. The operations in CSAM
include QKV-separable convolutions, spatial and channel domain pro-
cessing of Q and K and linear transformations. Thus, the computational
complexity of CSAM is:

Q(CSAM) = 12HW C + 26kC 9)

3.3.2. Focus token attention
Our SFA block primarily contains three components: FTT, CSAM, and
TU. Therefore, the computational complexity of SFA is expressed as:

Q(SFA) = 13AC + 28NC (10)

Clearly, our model reduces the computational complexity from
quadratic to linear, significantly lowering computational demands.

3.4. Implementation details

We construct three variants of the FocalViT network in Table 1,
where each stage corresponds to distinct channel dimensions. The MLP
expansion ratio is set to 4 by default. For input images of resolution
224 %224, we initialize the number of Focus Tokens to 49 in the first two
stages. Following representation learning through these initial stages,
where image redundancy is substantially reduced, we directly utilize
visual tokens in the final stage without further processing.

4. Experiment
4.1. Fruit and vegetable datasets

Fru92 [62] is derived from the VegFru collection and includes 69,614
images covering 92 distinct fruit categories. The original VegFru images
were gathered via large-scale web searches and subsequently subjected
to a rigorous screening process to retain high-quality samples. Each cat-
egory in Fru92 contains no fewer than 200 images. For model training
and evaluation, 100 images per category were allocated to the training
set, followed by 50 images for validation, with the remaining samples
reserved for testing. The images were collected from multiple online
sources, such as Google and Flickr.

Fruits-360 [63] comprises 73,410 images representing 107 different
fruit categories and is the largest dataset used in this study. All images
were collected under controlled laboratory conditions, where individ-
ual fruits were placed on a rotating platform in front of a uniform white
background to acquire multi-view observations. The platform operates
at a rotation speed of 3 revolutions per minute, and a 20-second video
sequence is recorded for each fruit to obtain a complete 360-degree vi-
sual coverage. The dataset is divided into 54,963 images for training and
18,447 images for testing.
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FruitVeg-81 [64] is composed of 15,737 images spanning 81
categories of fresh fruits and vegetables. All images were captured inside
a SPAR grocery store using five different mobile phones. For experimen-
tal evaluation, 9378 images were allocated to the training set, and the
remaining 6359 images were used for testing.

Hierarchical Grocery Store (Fru) [65] is a subset of the “Hierarchical
Grocery Store” collection and contains 3480 images distributed across
50 categories. The images were collected from 18 different grocery
stores, with a focus on fruit and vegetable sections. Image acquisition
was performed using a 16-megapixel Android smartphone camera un-
der natural in-store conditions, with photographs taken from varying
viewpoints and distances. To better reflect real retail environments,
background clutter was intentionally retained. For each category, the
dataset was randomly partitioned into 60% training samples, 10%
validation samples, and 30% test samples.

4.2. Training settings

The FocalViT study is implemented using the PyTorch framework,
with all experiments conducted on an NVIDIA A800 GPU (80GB VRAM)
and the ml-cvnets platform. During the training phase, input images
are resized to 224 x 224 and augmented with random horizontal flip-
ping to enhance data diversity; the same resolution is maintained for
testing. The model is optimized via stochastic gradient descent (SGD)
with a batch size of 64, momentum of 0.9, weight decay of 1 x e™*,
and an initial learning rate of 0.2, which decays to 10% of its original
value after 60 epochs. A cosine annealing scheduler is adopted, with
the maximum learning rate set to 0.4, minimum learning rate to 0.2,
and a 7500-iteration linear warm-up phase that gradually increases the
learning rate from 0.05 to the initial value. The full training spans 300
epochs, and the loss curves for all model variants are illustrated in Fig. 4.
The training loss curves of all model variants illustrate the trends from
the initial stage (Initial Loss) to final convergence (Final Loss). The rela-
tively consistent initial loss values among most models can be attributed
to the use of similar initialization strategies, which help standardize the
training starting point. However, GhostNet displays a noticeably higher
initial loss, likely due to its heavy use of linear transformations, which
may hinder early-stage feature learning. This issue is further discussed
in related sections of this paper. In terms of convergence, our pro-
posed FocalViT-S and FocalViT-B achieve final loss values of 0.9907 and
1.21, respectively, outperforming most existing lightweight models such
as MixNet [66], MobileNetV2 [67], RMTVIiT [68], MobileViTv2 [69],
ShuffleNetV2-2.0 [70], and FasterNet-t1 [71]. These results demonstrate
that FocalViT maintains strong feature modeling capabilities despite its
compact design. The combination of good convergence behavior and low
final loss highlights the effectiveness of FocalViT in fruit and vegetable
recognition tasks. Its ability to deliver high accuracy with low compu-
tational cost makes it well-suited for deployment in resource-limited
environments, offering a practical and efficient solution for real-world
applications.

For task-specific adaptation, the model is first fine-tuned on the
Fru92 dataset, with Exponential Moving Average (EMA) applied to
smooth parameter updates and improve training stability. Throughout
training, key metrics including training loss, validation loss, Top-1 and
Top-5 classification accuracy are systematically monitored. The optimal
model weights are saved when the validation Top-1 accuracy reaches
its peak, ensuring an optimal balance between generalization capability
and precision performance. This protocol achieves 93.7% Top-1 accu-
racy on the test set of the Fruit-360 dataset, outperforming ResNet-50
by 4.2% under identical computational constraints.

4.3. Ablation study

To systematically validate the effectiveness of the FocalViT
model in fruit and vegetable recognition tasks, this study conducts
multi-dimensional ablation experiments to quantitatively evaluate the
contributions of core modules. Starting from a baseline model, we
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Fig. 4. Comparison of initial loss and final loss across different models.

Table 2

Ablation study of FocalViT. All FLOPs are measured at 224 x 224 resolution.

Method Fru92 FruitVeg-81 Hierarchical Grocery Store (Fru)
Parameters(M) FLOPs(G) Top-1(%) Top-5(%) Top-1(%) Top-5(%) Top-1(%) Top-5(%)

w/o Patch Merging 12.83 2.74 78.04 95.02 99.46 100 61.5 89.55

w/o Channel exchange  10.99 2.48 77.2 95.02 98.83 99.77 63.05 89.45

w/o Spatial exchange 12.68 2.48 77.83 94.55 98.52 99.73 64.85 89.31

w/o0 CSAM 11.64 2.28 76.02 94.68 98.32 99.63 63.9 89.55

FocalViT-L 12.77 2.48 79.2 94.36 99.58 99.93 65.6 89.5

incrementally integrate key design components and analyze their
performance under complex scenarios, as shown in Table 2. Removing
the patch merging module results in significant detail loss when handling
scale-varying targets and degraded classification stability, demonstrat-
ing that its hierarchical downsampling design enhances multiscale fea-
ture representation through the synergistic mechanism of spatial com-
pression and channel expansion. Ablation studies on Channel Exchange
and Spatial Exchange reveal that these components mitigate compu-
tational redundancy by enabling cross-channel semantic fusion and
local-global feature complementation, respectively, improving modeling
efficiency for complex textures. Further analysis indicates that remov-
ing the CSAM module severely degrades the model of adaptability to
occlusions and strong illumination variations, validating its critical role
in suppressing background noise and enhancing focus on key regions in
dynamic environments.

The baseline FocalViT model achieves optimal performance by bal-
ancing parameter efficiency and computational effectiveness through
the organic integration of these modules. Experiments confirm that its
hierarchical feature decoupling design accurately disentangles micro-
scopic textures from macroscopic structures, while the dynamic resource
allocation strategy significantly enhances robustness under occlusion
and lighting variations. Overall, the synergistic effects among modules
provide a lightweight, highly generalizable solution for high-precision
agricultural recognition.

4.4. Comparison with state-of-the-art

The proposed FocalViT model undergoes systematic performance
evaluation on four mainstream fruit and vegetable image datasets,
with comprehensive comparisons against current lightweight vision
models across multiple dimensions. The Fru92 dataset, widely re-
garded as a challenging benchmark for evaluating model robustness
and fine-grained classification capabilities due to its minimal inter-class
differences, complex backgrounds, varying illumination, and frequent
occlusions. As reported in Table 3, FocalViT consistently achieves a
favorable balance between recognition accuracy and inference speed.

Compared with representative lightweight CNN and Transformer-based
baselines, FocalViT maintains competitive or lower inference latency
while delivering superior Top-1 and Top-5 accuracy. These results indi-
cate that the proposed architecture is well suited for real-time fruit and
vegetable recognition tasks, where both accuracy and computational ef-
ficiency are critical. Experimental results on the other three datasets
are in Table 4 reveal that the FocalViT series achieves significant clas-
sification accuracy advantages and high computational efficiency under
constrained parameter scales. Specifically, the FocalViT-S model, with
only 3.873M parameters, achieves a notable improvement in Top-1 ac-
curacy compared to parameter-similar FastViT [73], highlighting the
synergistic optimization between the Hyper Token Attention mecha-
nism and CSAM for enhancing feature modeling efficiency. Further
comparisons indicate that despite lower parameter counts, RCViT still
underperforms FocalViT-B in accuracy, validating the inherent limi-
tations of traditional convolution-based lightweight models in global
semantic modeling. It should be noted that existing methods specifi-
cally designed for fruit and vegetable recognition are relatively limited,
and many of them are not lightweight models, making them less suit-
able for comparison under resource-constrained deployment scenarios.
Therefore, most state-of-the-art lightweight backbones are evaluated un-
der a unified fruit and vegetable recognition setting. In this context,
CGVIiT is included as a representative lightweight method specifically
tailored for fruit and vegetable recognition.

In extreme lightweight scenarios, FocalViT-S surpasses RMTViT
[68] in accuracy with drastically reduced computational overhead,
demonstrating exceptional balance among parameter efficiency, com-
putational cost, and precision. The enhanced Patch Merging module,
through hierarchical feature representation, effectively mitigates com-
plex background interference such as reflective shelves and leaf occlu-
sions. For instance, when distinguishing visually similar produce with
significant scale variations, FocalViT-S reduces misclassification rates
while maintaining leading Top-5 accuracy even under severe parameter
compression, confirming its superior high-order semantic modeling
capability.
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Performance and efficiency comparison on the Fru92 dataset, including accuracy and inference latency. The

image input size is 224 x 224.

Method Parameters(M) FLOPs(G) Inference Time (100 imgs, s) Top-1(%) Top-5(%)
ShuffleNetV1 [70] 1.01 0.14 22.75 51.76 81.26
RepViT [72] 2.20 0.39 8.18 72.63 91.54
MobileNetV2 [24] 2.34 0.31 12.15 44.26 76.76
MixNet-s [66] 2.73 0.25 10.53 51.83 77.39
FasterNet-t0 [71] 2.74 0.34 10.25 63.17 88.11
RCVIT [59] 2.80 0.55 7.98 73.78 91.32
FastViT [73] 3.33 0.54 7.78 70.10 89.95
CGViT-s2 [74] 4.44 0.79 10.07 71.26 90.43
MobileViTV1 [31] 5.00 1.55 10.33 58.38 84.01
GhostNet [75] 5.18 0.15 10.68 50.13 77.15
ShuffleNetV2-2.0 [76] 5.54 9.03 12.93 46.78 78.39
SHVIT [77] 5.90 0.23 7.58 65.52 87.43
MixNet-1 [66] 5.96 0.59 10.16 55.46 81.02
FasterNet-t1 [71] 6.47 0.85 10.88 64.80 88.30
RMTViT-T3 [68] 13.45 2.65 8.64 70.71 90.60
MobileViTv2-2.0 [69] 17.52 5.63 12.89 68.48 88.22
MSAPVT [29] 21.13 2.80 8.95 65.63 86.31
STVIT [57] 24.57 3.67 8.40 74.39 92.46
RMTVIT [68] 26.50 5.03 10.03 72.23 91.20
FocalViT-S 3.87 0.77 7.75 78.41 94.04
FocalViT-B 8.32 1.62 7.99 78.40 94.80
FocalViT-L 12.77 2.48 12.28 79.20 95.02

Table 4

Performance comparison on different datasets. The experimental data were divided into three parts based on the method
category: Vision Transformer, CNN, and our method FocalViT.

Method Fru92 Fruits-360 FruitVeg-81 Hierarchical Grocery
Store (Fru)
Top-1(%) Top-5(%) Top-1(%) Top-5(%) Top-1(%) Top-5(%) Top-1(%) Top-5(%)
FastViT [73] 70.10 89.95 99.96 100.00 99.44 99.83 61.00 86.05
RMTViT-T3 [68] 70.71 90.60 99.97 100.00 99.62 99.89 56.94 84.05
RMTVIT [68] 72.23 91.20 99.97 100.00 99.54 99.93 57.72 80.94
RepViT [72] 72.63 91.54 99.98 100.00 99.50 99.89 62.05 84.20
STVIiT [57] 74.39 92.46 99.97 99.98 99.40 99.88 60.89 83.28
SHVIT [77] 65.52 87.43 99.93 100.00 99.45 99.87 60.72 87.36
RCViT [59] 73.78 91.32 99.97 100.00 99.48 99.93 63.77 87.27
CGViT-s2 [74] 71.26 90.43 99.99 100.00 98.92 99.97 61.33 87.56
MobileViTv1 [31] 58.38 84.01 99.94 99.99 98.08 99.89 57.25 86.10
MobileViTv2-2.0 [69] 68.48 88.22 99.98 100.00 98.92 99.92 57.81 88.76
MSAPVT [29] 65.63 86.31 99.95 99.99 98.83 100.00 61.35 87.55
ShuffleNetV2-2.0 [76] 46.78 78.39 99.81 99.98 98.83 99.94 61.03 89.08
ShuffleNetV1 [70] 51.76 81.26 99.95 99.99 98.71 99.92 53.22 84.86
GhostNet [75] 50.13 77.15 99.92 99.98 97.40 99.85 44.48 83.57
MixNet-s [66] 51.83 77.39 99.49 99.95 98.08 99.83 46.77 85.04
MixNet-1 [66] 55.46 81.02 99.61 99.96 98.50 99.92 51.41 87.56
MobileNetV2 [24] 44.26 76.76 99.97 99.98 95.72 99.85 46.88 88.56
FasterNet-t0 [71] 63.17 88.11 99.98 100.00 98.82 99.89 56.80 89.50
FasterNet-t1 [71] 64.80 88.30 99.98 100.00 98.88 99.83 58.92 88.57
FocalViT-S 78.41 94.04 99.97 100.00 99.45 99.94 67.50 89.88
FocalViT-B 78.40 94.80 99.98 100.00 99.50 99.81 66.80 88.75
FocalViT-L 79.20 95.02 99.98 100.00 99.58 99.93 65.60 89.50

4.5. Qualitative analysis and visualization

To verify the feature focusing capability of FocalViT in complex fruit
classification tasks, we conduct a comparative evaluation of Grad-CAM
heatmaps in Fig. 5 across multiple representative lightweight net-
works, assessing their feature localization precision and environmental
adaptability.

STVIT [57] is able to coarsely localize the main fruit and vegetable
regions in some samples, but its overall attention is diffuse, with sig-
nificant background activation and a lack of structural focus. SHViT
[77] introduces a shifted window mechanism, which improves localiza-
tion performance for dense targets such as longan and grape. However,
the use of fixed window sizes limits its ability to model cross-region
dependencies, resulting in discontinuous attention across transitional

areas. CASViT [59] demonstrates robust performance under foliage-
interference scenarios and effectively suppresses background noise.
Nevertheless, it still exhibits missed activations in critical regions when
faced with strong light reflections or partial occlusions. FastViT [73] en-
hances macro-level feature perception through global attention, but also
induces redundant activations in non-critical regions, showing excessive
focus on fruit surfaces while neglecting internal structures. RepViT [72],
as a lightweight design, achieves high computational efficiency, but its
limited local receptive field and reduced feature dimensionality impair
its capacity to model fine-grained fruit details, leading to coarse and
unstable heatmap responses.

In this context, FocalViT achieves the organic integration of
fine-grained responses and global semantics through spatial-channel
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Fig. 5. Attention visualization comparison of different models on fruit and vegetable images. The fruit images along with their corresponding ground truth labels are

displayed on the left.

Bayberry Black Currant

94.39% 84.64%

a4

88.69%

87.59%

77.82%

Litchi Munlberry

 97.33%

94.50%

95.13% 95.17%

Fig. 6. FocalViT visualization results under different visual conditions using samples from the Fru92 dataset. The probability shown reflects the model of confidence

level in predicting the specified category.

attention collaboration and adaptive token scheduling. Its shallow net-
works focus on capturing microscopic textures such as peel wrinkles
and frost distribution, while deeper modules concentrate on structural
contours like core boundaries and vesicle edges. The hierarchical dif-
ferentiation design ensures that heatmaps shows in Fig. 5 exhibit both
continuity and discriminability. The dynamic token mechanism dynam-
ically allocates computational resources based on image context, signif-
icantly improving coverage integrity of core regions under scenarios of
overlapping fruit clusters and strong light interference, while systemati-
cally suppressing background false activation. Experiments show that its
compactness of heatmap regions and stability under occlusion scenarios
outperform comparative models, providing an innovative solution for
mobile-based highly robust fruit and vegetable classification.

In Fig. 6, we present the visualizations for bayberry, black-currant,
litchi and mulberry. FocalViT accurately extracts the distinctive features
of bayberry, precisely localizing its deep-purplish surface whether the
fruits appear individually or in dense clusters. For black currants, the
model consistently attends to their characteristic cues regardless of iso-
lated or stacked arrangements. Notably, although bayberry and litchi
share gross morphological similarities, FocalViT discriminates bayberry

by its micro-granular protrusions and litchi by its raised rhomboid scale
spines. This hierarchical, feature-differentiated focus underscores the ar-
chitecture’s superiority in pinpointing salient, biologically informative
regions within fruit and vegetable imagery.

To further analyze the interpretability of the proposed model, we vi-
sualize Grad-CAM attention maps for visually similar fruit and vegetable
categories, where inter-class differences are subtle and classification is
particularly challenging. As shown in Fig. 7, FocalViT consistently fo-
cuses on category-specific discriminative regions, such as fine texture
patterns, local shape cues, and structural details, rather than relying
solely on global appearance or color information. Notably, samples
with similar visual characteristics but belonging to different categories
exhibit clearly differentiated attention responses, indicating that the
proposed attention mechanisms enhance robustness and fine-grained
recognition capability. These observations provide intuitive evidence
that FocalViT effectively captures discriminative visual cues critical for
fruit and vegetable recognition.

Finally, we visualized the different stages of FocalViT, as illustrated
in Fig. 8, which reveals the following observations: (1) FocalViT per-
forms progressive feature extraction in a layer-wise manner. In the first
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Fig. 7. Grad-CAM visualizations of FocalViT on visually similar fruit and vegetable categories, illustrating distinct attention distributions that support fine-grained

discrimination.
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Fig. 8. Grad-CAM visualizations of FocalViT across different network stages for
representative fruit categories.
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stage, the model primarily focuses on the edges of fruits and vegeta-
bles, laying the groundwork for subsequent stages to extract and learn
more detailed features. (2) Even under challenging conditions such as
occlusion by leaves or overlapping of multiple fruits, FocalViT is still ca-
pable of accurately directing attention to the target objects, enabling the
model to maintain focused recognition. (3) The Super Token mechanism
and the spatial-channel attention interaction embedded in FocalViT fa-
cilitate the capture of both global and local features. This allows the
model to perceive the overall shape of fruits and vegetables while simul-
taneously extracting fine-grained texture details on their surfaces. These
capabilities provide a robust foundation for accurate fruit and vegetable
classification.

5. Conclusion

To address the challenge of balancing efficiency and accuracy
in fruit and vegetable recognition, this paper proposes FocalViT, a
lightweight vision Transformer architecture. The model achieves state-
of-the-art classification performance across multiple mainstream fruit
and vegetable datasets, demonstrating strong robustness and general-
ization capabilities in complex scenarios such as occlusion, reflection,
and multi-object overlap. Ablation studies validate the effectiveness of
its core modules and their synergistic integration. Although FocalViT
demonstrates consistent performance across multiple public fruit and
vegetable benchmarks, the evaluation is limited to curated datasets
rather than in-situ real-world agricultural environments. In addition,
while extensive efficiency analyses are provided, the model has not

10

yet been deployed or tested on specific mobile or edge hardware plat-
forms. Finally, the interpretability analysis mainly relies on qualitative
visualizations and ablation studies, and more fine-grained quantitative
explainability metrics remain to be explored in future work. Overall,
FocalViT provides an efficient and reliable solution for agricultural intel-
ligent sorting systems, achieving a favorable balance among lightweight
design, accuracy, and scene generalization capabilities.
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