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ABSTRACT

To address edge blurring, soil-clod interference, and limited feature representation in potato image
segmentation under sticky-soil conditions, this study proposes an improved MTFormer segmentation model.
The model combines the complementary strengths of convolutional neural networks and Transformers, and
further enhances segmentation performance through a multi-stage optimization strategy. For more informative
and robust feature learning, a residual CNN-based extractor is introduced to strengthen multi-level feature
representations. In addition, an MS-CAM attention mechanism is used to reduce channel redundancy, which
helps mitigate adhesion-related target confusion in challenging scenes. Building on these features, the TBFE
module promotes cross-channel feature fusion, while a Fourier-based FFCM structure compresses and
reconstructs deep features in the frequency domain to improve feature compactness. Experiments on our self-
built dataset show that MTFormer achieves an F1 score of 85.19%, an mloU of 84.62%, and a pixel accuracy
of 95.67%. Compared with the baseline model, U-Net, and DeeplLabV 3+, pixel accuracy increases by 1.75,
0.35, and 1.67 percentage points, respectively. Overall, the proposed approach improves segmentation
reliability by strengthening feature representation while limiting unnecessary computation, providing practical
support for accurate potato segmentation in sticky-soil environments.
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INTRODUCTION

Potatoes rank among the world's most important staple crops, characterized by high yields and strong
adaptability, securing a stable position in food security and agricultural supply systems (Devaux et al., 2020).
Under large-scale production conditions, potatoes are typically harvested using segmented mechanization.
After excavation, tubers scatter across the field surface. Their quantity, size, and physical condition (e.g., soll
coverage, damage) directly inform yield assessment, sorting operations, and quality control (Lyu et al., 2015).
Visual segmentation at the harvest site is not merely an image processing task but a critical front-end
component in the yield measurement decision chain: segmentation results are used for counting,
area/dimension quantification, and subsequent yield estimation. Boundary deviations, misclassifications, and
clumping amplify during statistical and regression stages, compromising yield estimation stability. Concurrently,
industrial deployment imposes constraints on model parameter scale and inference speed, requiring
algorithms to achieve an engineering-viable balance between accuracy and computational overhead. Harvest
site imagery under sticky soil conditions exhibits pronounced unstructured characteristics. Potato tubers and
soil clumps exhibit similar appearances with weak local boundaries; occlusions, adhesions, and scale
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variations are prevalent; shadows and reflections introduce additional noise. Such scenarios impose two core
requirements on segmentation models: sufficient local detail representation to reliably recover contours and
separate adjacent instances, coupled with global context modeling and noise suppression capabilities to
prevent background textures from dominating feature responses and causing misclassifications.

With the evolution of computer vision technology, crop detection has shifted from traditional machine
learning to a deep learning paradigm (E/Masry et al., 2012; Razmjooy et al., 2012; Oppenheim et al., 2019).
In potato object detection research, significant progress has been achieved. Ma et al. (2016), and Xi et al.
(2020), achieved high-precision detection of lesions and bud eyes using SSD (Liu et al., 2016) and Faster R-
CNN (Ren et al., 2016), respectively; Zhang et al., (2022), Geng et al. (2024), and Liao et al., (2025). achieved
breakthroughs in lightweight and real-time performance by improving YOLO (Redmon et al., 2016) series
models. Building upon this foundation, Mask R-CNN (He et al., 2017) extends the segmentation framework to
instance-level mask prediction, enabling precise contour modeling. However, segmentation boxes fail to meet
the demands of detailed morphological analysis, making segmentation networks like DeepLab (Chen et al.,
2017) and U-Net (Ronneberger et al., 2015) the mainstream choice. While CNNs excel in segmentation tasks,
their convolutional operations' “local receptive fields” struggle to capture global contextual information.
Particularly in sticky soil environments, potato and soil texture features overlap significantly. CNNs, unable to
establish long-range pixel dependencies, often produce blurred segmentation edges or even miss
segmentations. In contrast, self-attention-based Transformers (Dosovitskiy et al., 2020) (e.g., SegFormer (Xie
et al., 2020) possess robust global modeling capabilities, better handling background interference. However,
lacking inductive bias, SegFormer often overlooks minute textures and edge details in sticky soil backgrounds
during shallow feature extraction. To address this, this study proposes an enhanced MTFormer model. This
model integrates a CNN residual structure to strengthen shallow geometric features, and combines the MS-
CAM (Chen et al., 2025) attention mechanism, a dual-branch feature extraction module (TBFE) (Dai et al.,
2021), and a Fourier convolution mixer (FFCM)(Gao et al., 2024) to solve the challenge of precisely separating
potatoes in a sticky soil environment. This paper conducts comparative experiments and ablation studies on a
self-built potato harvesting field dataset. It not only validates the segmentation accuracy of the model but also
evaluates its engineering deployment feasibility from the perspectives of parameter scale, floating-point
operations, and inference speed. This provides a viable segmentation solution and technical reference for
agricultural machinery yield estimation systems.

MATERIALS AND METHODS
Image acquisition and dataset creation
Image acquisition

Because no publicly available dataset contains potato images captured in sticky-soil environments, this
study constructed a dedicated dataset to support segmentation under diverse and challenging field conditions.
Four farm-grown varieties—Fertile Soil No. 1, McKen, Snow Valley Red, and Lucinda— were selected. Data
were collected at multiple sites in Inner Mongolia (Malianqu Township, Jining District, Ulangab City; Meiguiying
Town, Qiangi Banner, Chahar Right Front League, Ulangab City; Xiao Sanjing Village, Qianqgi Banner, Chahar
Right Front Banner, Ulangab City; and Gaojiadi Village, Qiangi Banner, Chahar Right Front Banner, Ulangab
City) and in Hebei Province (Zhangbei Town, Zhangbei County, Zhangjiakou City; and Dahe Town, Zhangbei
County, Zhangjiakou City). Image acquisition was conducted from October 1 to 7, 2024, using multiple sensing
devices (e.g., smartphones and industrial cameras), and was synchronized with the harvesting process to
faithfully capture real field complexity. As shown in Figure 1, the dataset includes images recorded at different
harvesting stages across the four varieties.

=

Fig. 1 — Image Acquisition Environment
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Dataset Construction

To ensure consistent inputs across different network models, all images were resized to a unified
resolution, which reduces computational cost and speeds up training. Potatoes in each image were annotated
using the LabelMe tool, and, as illustrated in Figure 2, instance-level segmentation masks were generated for
tubers in sticky-soil scenes (highlighted in green).

As illustrated in Figure 2, the dataset collected in this study covers a wide range of field conditions,
including substantial variation in background soils (e.g., dry, light-colored clay and wet, dark-colored clay) and
non-uniform illumination across different times of day, which introduces pronounced shadows and specular
reflections in some images. To capture meaningful variation in target appearance, tubers with different sizes,
shapes, skin colors, and degrees of soil coverage were recorded from multiple viewpoints, and many images
contain notable occlusion and overlap. Polygon-based contour labeling was adopted to provide accurate object
boundaries, supporting both segmentation and segmentation tasks in clay-soil scenes.

Image Preprocessing

Potatoes in complex field scenes were annotated using the open-source LabelMe tool, and all labels
were saved in a standardized JSON format. To improve model generalization and robustness while mitigating
overfitting, several data augmentation techniques were applied, including horizontal and vertical flipping,
brightness adjustment, motion blur, and contrast enhancement. After augmentation, the dataset contained
1,245 images, which were randomly shuffled and split into a training set of 996 images and a test set of 249
images using an 8:2 ratio.

Improved method for potato segmentation in sticky soil

To address segmentation in cohesive-soil scenes—where tubers are visually similar to soil clods, texture
cues are weak, and targets are frequently partially buried—this study improves SegFormer by strengthening
multi-scale feature representation and global context modeling. The proposed design begins with a residual
CNN front-end to enhance low-level discriminative features, and integrates an MS-CAM attention mechanism
to reduce channel redundancy and alleviate feature ambiguity under heavy background noise. Next, the TBFE
module promotes richer cross-channel interactions, compensating for the limited ability of standard 2D
convolutions to capture complex inter-channel relationships. Finally, a Fourier-based FFCM structure performs
frequency-domain reconstruction to obtain more compact and informative deep features. Overall, the
enhanced network retains the Transformer’s global modeling benefits while improving semantic representation
and inference robustness in complex field environments. The resulting model, termed MTFormer, is shown in
Figure 3.
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Fig. 3 — The structure of MTFormer Model

Residual structure-based CNN feature extractor

Although SegFormer employs Transformer encoders to model long-range semantic dependencies, it
does not explicitly encode local inductive priors, which limits its ability to capture local spatial structures—such
as object boundaries and fine textures—particularly in sticky-soil scenes. To strengthen early-stage local
feature perception and improve training stability, this study adds a residual CNN feature extractor at the front
end of the encoder, as illustrated in Figure 4. Following the residual learning concept proposed by He et al.,
the module uses an identity shortcut to encourage feature reuse and facilitate gradient flow. Concretely, the
input is processed along two paths: the main branch applies convolutional filtering to extract local texture cues
and uses batch normalization (BN) to regulate feature distributions, while the shortcut branch directly forwards
the input as an identity mapping. The two branches are then fused by element-wise addition. This design
preserves low-level geometric information while providing a smoother backpropagation path, improving the
stability and convergence efficiency of early feature extraction.

CNNEXxtractor

S

________________________________________________

Fig. 4 — Block Diagram of Residual-Based CNN Feature Extractor Architecture

MS-CAM
In sticky-soil scenes, potato segmentation is challenged by large scale variation, severe occlusion, and
the extremely small pixel footprint of many targets. Conventional channel-attention mechanisms typically
model channel relationships using only global average pooling (GAP), which can be dominated by large
background regions and consequently weaken the response to small or partially occluded tubers. To address
this limitation, a multi-branch channel attention module (MS-CAM; Figure 5) is introduced in the encoder to
enhance feature discrimination through joint global—local channel modeling. Given an input feature map (X €
RIEXHXW “MS-CAM performs channel modeling through two complementary branches. The local branch avoids
the downsampling effect of pooling and instead constructs a channel bottleneck directly from the original
feature map using pointwise convolutions, as defined by:
L(X) = B(PW,(6(B(PW1(X))))) 1
This branch preserves the feature map’s spatial resolution (H x W) while refining channel relationships,
thereby avoiding extra spatial information loss and helping retain discriminative cues at object boundaries and
fine-detail regions. In contrast, the global branch first applies GAP to aggregate (X) over the spatial dimensions,
producing a global channel-statistics vector. It then captures long-range inter-channel dependencies using a
pointwise-convolution bottleneck similar to the local branch, yielding a scene-level channel prior (G(X)). For
fusion, the local output (L(X)) and the global output (G(X)) are combined through channel-wise broadcast
addition, and a Sigmoid function produces channel attention weights to adaptively re-weight the input features.
This operation can be expressed as:
X'=X® o(L(X) ® G(X)) 2
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Through the complementary modeling of local inter-channel interactions (L(X)) and the global semantic
prior (G(X)), the model simultaneously captures fine-grained geometric details and scene-level target cues.
This joint attention suppresses redundant channel activations that closely resemble background textures in
sticky-soil scenes, thereby improving segmentation robustness for small targets and partially buried potatoes.
Where, PW;(-) and PW,(:) denote 1x1 pointwise convolutions used for channel reduction and channel
expansion, respectively, to capture local inter-channel interactions; B(-) represents Batch Normalization for
stabilizing feature distributions; and &6(-) denotes the ReLU activation function, which introduces nonlinearity
into the mapping.@® denotes Broadcasting Addition, ® denotes Element-wise Multiplication, o(-) denotes
the Sigmoid activation function, which normalizes channel weights to the range [0,1].
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Fig. 5 —MS-CAM Structural Diagrams

TBFE module
In sticky-soil conditions, potato surfaces often closely resemble surrounding soil clods in both texture
and color, requiring strong local modeling to delineate boundaries accurately. To overcome the limited
decoupling and channel modeling capacity of a single convolution operator, this study introduces a Two-
Branch Feature Extraction (TBFE) module (Figure 6). TBFE jointly models inter-channel dependencies and
spatial geometry by combining a 3D-convolution branch with a 2D-convolution branch operating in parallel.
After an initial (1 x 1) pointwise convolution for channel compression and information integration, the input
features are transformed into an intermediate representation: F € R¢'*#*W|n the 3D-convolution branch, the
channel dimension is reshaped into the depth dimension of a volumetric representation, allowing channel-wise
filtering with a (3 x 1 x 1) (depth (x) height (x) width) kernel. Unlike standard (1 x 1) convolutions, which
perform dense mixing across all channels, this design emphasizes nonlinear correlations within local channel
groups. As a result, it reduces parameter cost while strengthening the modeling of localized inter-channel
dependencies. The computation is given by:
F3q = ®(Kzq * F + bsq) (3)
In the 2D-convolution branch, a (3 x 3) kernel is applied to perform spatial filtering on the feature map
(F), capturing local texture cues and boundary information. Zero padding is used to preserve the spatial
resolution so that the output retains the same height and width as the input. This operation can be written as:
Faq = ®(F * waq + byq) (4)
Finally, the outputs of the two branches are concatenated along the channel dimension, fusing channel-
dependent cues with spatial structural information to form an enhanced feature representation:
Moyt = Concat(Fzq, F2q) (5)
Where, (C') denotes the number of channels after compression. In the 3D branch, (x) denotes the 3D
convolution operation, where (K34) is a 3D convolution kernel with spatial size (1 x 1) that acts primarily along
the channel (depth) dimension; (bs4) is the corresponding bias term; and (®(-)) is a nonlinear activation
function (e.g., ReLU). In the 2D branch, () denotes the 2D convolution operation, where (w,4) and (b,4) are
the 2D convolution weights and bias, respectively.
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Fig. 6 —-TBFE Module Structure Diagrame
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FFCM module

To mitigate unstructured texture interference and boundary ambiguity in potato tuber segmentation under
cohesive-soil conditions, this study introduces a Fourier Feature Coupling Module (FFCM) to strengthen
feature discrimination in complex backgrounds. FFCM adopts a cascaded spatial-frequency hybrid design: it
first refines local spatial cues and then leverages frequency-domain global information to suppress
components that are strongly correlated with background textures. In the spatial modeling stage, the input
features are first projected through pointwise convolution (PConv) to facilitate inter-channel mixing. The
resulting features are then processed by two parallel depthwise convolution branches (DWConv) with 3x3 and
5x5 kernels to extract local patterns under different receptive fields. Each branch applies the GeLU activation
to enhance nonlinear representation, and the branch outputs are concatenated along the channel dimension
to form a multi-scale spatial feature representation. In the frequency-domain modulation stage, the fused
spatial features are transformed via the Fast Fourier Transform (FFT) into spectral features with real and
imaginary components. These components are concatenated along the channel dimension and then
modulated through channel-wise interactions implemented by pointwise convolution, followed by normalization
and nonlinear activation to stabilize training and amplify informative spectral responses. The refined spectral
features are subsequently mapped back to the spatial domain using the inverse FFT (IFFT), producing features
enriched with global context. Finally, FFCM fuses the frequency-enhanced tuber features with the original
spatial features using a residual connection via element-wise addition, and a pointwise convolution performs
channel compression and feature reconstruction. By jointly exploiting local texture cues and global frequency-
domain priors, this spatial-frequency coupling strategy improves robustness to background interference and
enhances the separability of potato tuber features in cohesive-soil scenes.

IFFT

RelU

Fig. 7 —FFCM Module Structure Diagram

Segmentation-Based Potato Counting Method

To translate the pixel-level segmentation capabilities of the MTFormer model into an intuitive assessment
metric for potato yield, this study constructs a simplified potato counting framework based on semantic
segmentation networks. The specific workflow is as follows. First, the binary segmentation mask obtained
through MTFormer model inference is used as input. Considering potential minor clumping or segmentation
noise in sticky soil environments, morphological opening operations are applied to smooth the segmentation
results. This eliminates interference from isolated soil clumps that are too small and breaks minor edge
adhesions. Next, a connected component labeling algorithm is applied to the processed binary image to extract
connected regions.
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By setting a pixel area threshold, non-target interference items smaller than this threshold are filtered
out. The total number of independent connected regions retained is counted, representing the model-predicted
potato count. This count value is directly used for subsequent yield estimation and manual counting
comparison.

RESULTS AND DISCUSSION

Test environment and parameter configuration

All experiments and model training were performed on the same workstation running Windows 11,
equipped with a 16-core AMD R9-7940HX CPU, 32 GB RAM, and an NVIDIA GeForce RTX 4070 GPU with 8
GB VRAM. The implementation was based on Python 3.10, using PyTorch 2.0.1 with CUDA 12.1 and cuDNN
8.9, while all other settings followed the official defaults.

Evaluation indicators

To comprehensively and consistently evaluate the proposed method, Precision, Recall, F1 score, mean
Pixel Accuracy (mPA), and mean Intersection over Union (mloU) were adopted as quantitative metrics for
potato tuber segmentation performance. The definitions of these metrics are given as follows:

__ TP 6
"~ TP+FP ©
TP
R= TP+FN 2
1 n
AP; = f P(R)dR or AP, = Z(Rk = Ri_1)Py (8
0 k=1
Cc c
1 1 !
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1o P xR 10
- P+ R 1o
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where:

TP, FP,and FN denote the numbers of pixel-wise true positives, false positives, and false negatives,
respectively. For mAP, AP; represents the Average Precision for class i, calculated as the area under the
Precision-Recall curve (P(R)) obtained by varying the confidence threshold. C is the number of classes (for

binary tuber—background segmentation, ¢ = 2). mloU measures the overlap between predicted masks and
ground-truth annotations averaged over all classes.

Analysis of attention mechanism effectiveness

Due to the complex nature of clay soil environments, segmentation accuracy may decline under
environmental influences. To mitigate the impact of complex backgrounds on model segmentation
performance, this study incorporates various attention mechanisms into the backbone architecture for
comparative analysis. Table 1 demonstrates the segmentation performance of the original RC_Block model
when incorporating six attention mechanisms—CA, CBAM, ECA, FF CM, GAM, and MS-CAM—for potatoes
in cohesive soil. The results indicate that incorporating the CA, CBAM, ECA, FFCM, GAM, and MS-CAM
attention mechanisms yields varying effects on model performance. Among them, the MS-CAM module
demonstrated the best gain across all metrics. Compared to the original model, it improved mloU, Accuracy,
and mAP by 2.23, 0.61, and 2.34 percentage points respectively, while also increasing the F1 score by 2.66
percentage points to 83.90%. In contrast, other attention mechanisms (such as CA and ECA) showed
fluctuations in some metrics but failed to achieve the same level of overall improvement as MS-CAM. In
summary, the MS-CAM mechanism more effectively focuses on potato target areas while suppressing
background noise, demonstrating higher practicality and segmentation efficiency. It is the preferred choice for
potato appearance segmentation tasks in sticky soil environments.

605



Vol. 78, No. 1 / 2026 INMATEH - Agricultural Engineering

Table 1
Comparison of the results of different attention mechanisms
mzt:ig:?snm F1% mloU% Accuracy% mAP%

81.24 81.18 94.72 86.78
CA 80.60 80.59 94.44 86.99
CBAM 80.60 80.61 94.54 86.99
ECA 80.70 80.73 94.53 86.42
FFCM 80.90 80.82 94.49 87.37
GAM 81.80 81.76 94.89 87.28
MS-CAM 83.90 83.41 95.33 89.12

Ablation experiment

To validate the impact of the introduced residual-based CNN feature extractor (denoted as RC_Block in
Table 2), multi-scale channel attention module (denoted as MS-CAM in Table 2), dual-branch feature
extraction module (denoted as TBFE in Table 2), and fusion Fourier convolution mixer (denoted as FFCM in
Table 2) on improving segmentation accuracy and computational complexity of the SegFormer model, this
paper conducted ablation experiments, with results shown in Table 2. Compared to the original SegFormer,
introducing the RC_Block feature extractor enables the model to better capture shallow texture information,
improving F1 and mloU by 2.22 and 1.93 percentage points, respectively. Notably, this module optimized the
front-end feature extraction architecture, reducing model parameters from 3.71 M to 3.47 M and significantly
decreasing FLOPs from 13.53 G to 10.98 G, achieving a win-win scenario of improved accuracy and
lightweight performance. Following the integration of the MS-CAM attention mechanism, F1 and mloU further
increased by 2.59 and 2.23 percentage points respectively compared to the previous combination, while MPA
improved by 2.34 percentage points. At this stage, the number of parameters and FLOPs only slightly
increased to 3.57 million and 11.02 G, respectively, indicating that multi-scale attention effectively enhances
feature discriminability at minimal computational cost. Further incorporating the TBFE module improved F1
and mloU by 0.84 and 0.79 percentage points, respectively, while maintaining low computational complexity
(3.65 M parameters, 11.49 G FLOPSs). Finally, incorporating the FFCM frequency domain module to suppress
background noise yields optimal performance across all metrics. Although this frequency domain module
increases the number of parameters to 5.95 million, the overall FLOPs of the final model (12.40 G) remains
lower than the original SegFormer (13.53 G) due to the efficient streamlining achieved by the front-end
modules. The combination of all four improvement strategies yielded the best results. Specifically, the
proposed MTFormer model achieved F1, mloU, Accuracy, and MAP scores that were 6.17, 5.37, 1.75, and
3.68 percentage points higher than the original SegFormer, respectively. Overall, the proposed improvements
not only significantly enhance potato segmentation performance in sticky soil environments but also reduce
computational complexity (FLOPs) by 1.13 G while maintaining manageable parameter counts (+2.24 M). This
achieves an optimal balance between accuracy and computational efficiency, demonstrating high potential for
engineering deployment.

Table 2
Ablation experiment

RC_Block ms_cam tbfe ffcm F1(%) mloU(%) Accuracy(%) mAP(%) S';I::IjI\:IB FLOPs(G)
x x x x 79.02 79.25 93.92 86.58 3.71 13.53

N x x x 81.24 81.18 94.72 86.78 3.47 10.98

N N x x 83.83 83.41 95.33 89.12 3.57 11.02

N v v x 84.67 84.20 95.55 89.83 3.65 11.49

N N N v 85.19 84.62 95.67 90.26 5.95 12.40

Comparative analysis of different algorithms

To validate the segmentation performance of this improved model, comparative experiments were
conducted under identical conditions between the proposed MTFormer algorithm and SegFormer-B1,
SegFormer-B2, PSPNet, DeepLabV3+, and U-Net algorithms. The segmentation results are shown in Figure
8, with the evaluation metrics of each model presented in Table 3.
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The visual segmentation results in Figure 8 reveal significant performance differences among models
against the sticky soil background. While the SegFormer series (B1, B2) and DeeplLabV3+ successfully
identified the main potato regions, they exhibited noticeable blurring and adhesion when handling edge details,
struggling to effectively distinguish potato boundaries covered by soil. PSPNet generally locates the target but
exhibits noticeable missed detections when encountering small objects or partially buried potatoes, resulting
in incomplete segmentation. U-Net, benefiting from its skip-connection architecture, demonstrates better edge
restoration but shows weaker resistance to interference in complex textured backgrounds, occasionally
misclassifying soil clumps as potatoes. In contrast, the proposed MTFormer achieves the most accurate potato
segmentation. It not only effectively suppresses interference from soil textures in the background but also
produces smooth and clear potato edge contours, most closely matching the ground truth annotations. This
demonstrates its significant advantage in complex, unstructured environments.

Further quantitative analysis in Table 3 reveals that MTFormer achieves the best overall performance
among mainstream semantic segmentation models. It attains an mloU of 84.62%, an F1 score of 85.19%, an
MPA of 90.26%, and an accuracy of 95.67%. Specifically, compared to SegFormer-B1, SegFormer-B2,
PSPNet, and DeeplLabV3+, MTFormer achieves mloU improvements of 3.98, 3.68, 3.71, and 5.05 percentage
points, respectively, even outperforming the well-performing U-Net by 0.92 percentage points in mloU and
0.85 percentage points in F1 score. In terms of model lightweighting and real-time inference capability,
MTFormer features a compact model size of only 35 MB and achieves an inference speed (FPS) of 35 frames
per second. Notably, despite using the lighter SegFormer-BO as the base model, MTFormer achieves
significant reductions in feature refinement through modules like MS-CAM and TBFE. Compared to
SegFormer-B1 (51 MB, 26 FPS), SegFormer-B2 (105 MB, 24 FPS), and U-Net (95 MB, 26 FPS). Although its
model size is slightly larger than lightweight models like PSPNet (9.4 MB) and DeepLabV3+ (23 MB), and its
inference speed is marginally lower than PSPNet (40 FPS), MTFormer fully meets the performance
requirements for agricultural machinery dynamic field operations and real-time video frame processing tasks.
This is because 30 FPS typically suffices for achieving smooth operation in such scenarios. In precision farming
tasks, segmentation accuracy directly determines the reliability of yield estimation and automated sorting.
MTFormer achieves a significant leap in accuracy while maintaining a low parameter count and meeting real-
time inference requirements, striking an optimal balance between precision, efficiency, and lightweight design.

The experimental results above indicate that traditional CNN models (such as DeepLabV3+ and PSPNet)
tend to lose detailed information of small objects in sticky soil during downsampling, leading to limited
segmentation accuracy. While the original SegFormer possesses global modeling capabilities, it struggles to
suppress local high-frequency noise in isochromatic scenes where background and object textures are
extremely similar. The superior overall performance of MTFormer in complex environments mainly arises from
its purpose-built enhancement modules. In particular, the Fusion Fourier Convolution Mixer (FFCM) utilizes
frequency-domain filtering to decouple high-frequency soil texture noise from low-frequency potato features,
effectively mitigating interference caused by background homogeneity. The Twin-Branch Feature Extraction
(TBFE) module enhances the model's ability to distinguish potato geometric edges and deep semantic features
by combining 3D channel modeling with 2D spatial filtering. The residual CNN extractor introduced at the front
end compensates for the Transformer's lack of inductive bias in shallow feature extraction, thereby achieving
more accurate and faster segmentation results without significantly increasing computational overhead.

Original images  SegFormer-B1 SegFormer-B2 PSPNet DeepLabV3+ U-Net MTFormer

Fig. 8 -Model Segmentation Effect Comparison
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Table 3
Different model experiment results

Models F1% mloU% Accuracy% mAP% Model Size/MB FPS
SegFormer-B1 80.76 80.64 94.34 87.92 51 26
SegFormer-B2 80.98 80.94 94.45 87.99 105 24
PSPNet 80.92 80.91 94.59 86.94 9.4 40
DeepLabV3+ 79.46 79.57 94.00 86.95 23 29
U-Net 84.34 83.70 95.32 90.20 95 26
MTFormer 85.19 84.62 95.67 90.26 35 35

Counting Test Analysis

To validate the engineering application value of the proposed MTFormer model in practical agricultural
workflows, this study conducted preliminary potato yield estimation (counting) experiments based on image
segmentation. The experiment randomly selected 50 representative images of potatoes in clay soil from the
test dataset. These samples encompassed varying lighting conditions, weed coverage, and soil coverage
levels, with each image containing one or multiple naturally distributed potato targets. Manual counting results
served as ground truth, which were compared against the automatic counting results from other models and
the proposed MTFormer model. To quantitatively assess counting accuracy, the Mean Absolute Error (MAE)
and Root Mean Square Error (RMSE) were introduced as evaluation metrics:

N
1
MAE ==~ Cmi = Cged (12)
i=1
1 N
RMSE = |2 (G = Gy )? (13)

i=1
where: N is the total number of test images; C,, ; is the potato count predicted by the model for the iA(th)
image; Cgy;; denotes the actual manual count for the i-th image.
Table 4
Comparison of Potato Counting Errors Based on Different Segmentation Models

Counting
Total Manual  Total Number of
Models Count (units) Models (units) MAE RMSE Accuracy Rate

(%)
SegFormer-B1 349 332 0.068 0.261 95.13
SegFormer-B2 349 334 0.060 0.245 95.70
PSPNet 349 336 0.052 0.228 96.28
DeepLabV3+ 349 331 0.072 0.269 94.84
U-Net 349 337 0.048 0.220 96.56
MTFormer 349 340 0.036 0.190 97.42

As shown in the counting validation results of Table 4, traditional segmentation models tend to
undercount in actual yield estimation due to boundary blurring and soil clod interference caused by sticky soil.
Among them, DeepLabV3+ exhibits the most severe undercounting, with an overall counting accuracy of only
94.84%; U-Net performs relatively better, achieving an accuracy of 96.56%. In contrast, the proposed
MTFormer model demonstrates exceptional engineering reliability, with its automatic count of 340 being the
closest to the manual ground truth count of 349. In quantitative evaluation on the test set, MTFormer achieved
an average absolute error (MAE) of just 0.036 and a root mean square error (RMSE) as low as 0.190, with an
overall counting accuracy of 97.42%. This not only demonstrates the model's robust noise resistance and
segmentation capabilities when handling same-object-different-spectrum features but also vividly highlights its
immense application potential in automated yield estimation for agricultural machinery.
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CONCLUSIONS

This study addresses the issues of edge blurring and background texture interference in potato
segmentation within viscous soil environments by proposing an improved MTFormer model. Through
theoretical analysis and comparative experiments, the following key conclusions were drawn.

(1) To address the limitation of the original SegFormer model in inductively missing biases during
shallow feature extraction, a residual-based CNN feature extractor was introduced at the encoder front end,
significantly enhancing the model's perception of potato surface texture and geometric contours. To address
the misclassification problem caused by the heterogeneous spectrum (i.e., highly similar textures) between
background soil clumps and potatoes, the Fourier Convolution Mixer (FFCM) is integrated with a dual-branch
feature extraction module (TBFE). By leveraging frequency-domain denoising and a joint spatial-temporal
modeling strategy, the model separates high-frequency soil texture noise from low-frequency potato features.
This mechanism significantly enhances feature representation and improves robustness against background
interference in complex field environments.

(1) MTFormer achieves an optimal balance between accuracy and computational efficiency.
Experimental results demonstrate that on the self-built dataset, MTFormer achieves mean intersection over
union (mloU), F1 score, mean per-area (MPA), and accuracy of 84.62%, 85.19%, 90.26%, and 95.67%,
respectively. All segmentation evaluation metrics significantly outperform the baseline comparison models.
While maintaining high accuracy, the model's parameter size is only 35 MB, with total floating-point operations
(FLOPs) controlled at 12.40 G and inference speed reaching 35 FPS. This demonstrates that the model
significantly reduces storage requirements and computational burden while fully meeting the real-time and
lightweight constraints of intelligent agricultural machinery during dynamic field operations. The automatic
potato tuber counting results generated by the segmentation mask based on MTFormer showed high
consistency with manual actual counts. The Mean Absolute Error (MAE) was only 0.036, the Root Mean
Square Error (RMSE) was as low as 0.190, and the overall counting accuracy reached 97.42%. This further
confirms that it can provide technical support for subsequent automated yield measurement.

(2) Currently, the proposed MTFormer model has demonstrated promising application potential in
specific cohesive soil scenarios, fully validating the effectiveness of each improvement strategy. However,
given that natural field environments are constrained by multidimensional complex physical factors, future
research must further expand field datasets to encompass multiple regions, crop varieties, growth stages, and
extreme light-climate conditions. This will enhance the model's robustness across vast unstructured
agricultural landscapes. Concurrently, the research will incorporate deep model compression techniques such
as network pruning, knowledge distillation, and tensorization to overcome frame rate limitations on low-power,
computationally constrained agricultural edge computing devices. Ultimately, by advancing equipment-level
closed-loop testing, this visual perception and counting module will be scaled for deployment in real potato
harvesters' yield measurement systems, thereby providing comprehensive technical support for the
industrialization of smart agricultural visual yield measurement equipment.
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