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Abstract

Lightweight multiscale-feature-fusion network (LMFFNet), a proficient real-time CNN architecture, adeptly achieves a bal-
ance between inference time and accuracy. Capturing the intricate details of precision agriculture target objects in remote
sensing images requires deep SEM-B blocks in the LMFFNet model design. However, employing numerous SEM-B units
leads to instability during backward gradient flow. This work proposes the novel residual-LMFFNet (ResLMFFNet) model
for ensuring smooth gradient flow within SEM-B blocks. By incorporating residual connections, ResLMFFNet achieves
improved accuracy without affecting the inference speed and the number of trainable parameters. The results of the experi-
ments demonstrate that this architecture has achieved superior performance compared to other real-time architectures across
diverse precision agriculture applications involving UAV and satellite images. Compared to LMFFNet, the ResLMFFNet
architecture enhances the Jaccard Index values by 2.1% for tree detection, 1.4% for crop detection, and 11.2% for wheat-
yellow rust detection. Achieving these remarkable accuracy levels involves maintaining almost identical inference time and
computational complexity as the LMFFNet model. The source code is available on GitHub: https://github.com/iremulku/

Semantic-Segmentation-in-Precision-Agriculture.
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1 Introduction

Precision agriculture is a technique that aims to increase
crop productivity while reducing costs and environmental
impact [1]. Sensing technology is a tool for achieving this
goal by monitoring vast lands. With the advancement of
convolutional neural networks (CNNs), this technology has
become even more powerful [2]. CNN models are used in
early disease detection, leading to reduced yield losses by
applying fungicides at the right time [1]. Additionally, CNN
architectures can identify trees and crops to maximize agri-
cultural efficiency [3]. However, CNN architectures [4] have
high inference time measured in frames per second (fps),
which makes them impractical for real-time applications.
Precision agriculture faces the challenge of balancing
high accuracy with fast inference speed. Existing research
on using CNN models for real-time precision agriculture
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focuses on a single specialized application [5—7] and does
not provide sufficient accuracy [8—10]. Therefore, it is essen-
tial to adapt recent real-time models to provide high accu-
racy in various precision agriculture applications [1].

Real-time CNN architectures generally adhere to an
encoder—decoder framework. Architectures like SegNet [11]
employ encoders based on established backbone networks.
In contrast, ENet [12], LEDNet [13], and FSFNet [14] use
lightweight modules to build efficient encoders, resulting
in fewer parameters. These models, however, lack accuracy
compared to others.

The decoder parts of real-time semantic segmentation
models may also have different designs. SegNet and ESNet
[15] have symmetrically designed decoders. In contrast,
DFANet [16], and FASSD-Net [17] architectures have
adopted asymmetric decoder structures to enhance infer-
ence speed. Recent transformer-based models such as UNet-
Former [18] achieve good performance without sacrificing
real-time speed.

Remarkably, by introducing a split-extract-merge bot-
tleneck (SEM-B) in its backbone network, the real-time
LMFFNet [19] architecture achieves high accuracy with
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fewer model parameters. A lightweight asymmetric decoder
is used in the LMFFNet model to process multi-scale fea-
tures, which improves inference time. However, with the
challenging low latency and high accuracy requirements for
various precision agriculture tasks, LMFFNet still needs
improvement.

Realizing precision agriculture practices with high accu-
racy in real-time is challenging. In real-world remote-sensing
images with high spatial resolution, capturing the intricate
details of precision agriculture target objects poses consid-
erable difficulties. This paper proposes the ResLMFFNet
architecture to increase prediction accuracy and achieve a
decent trade-off between high accuracy and fast inference
speed. ResLMFFNet introduces the following novelties:

e LMFFNet is the base model since it already achieves
an adequate trade-off between accuracy and efficiency.
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Fig.1 Complexity-accuracy trade-off comparison on the DSTL
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Fig.2 ResLMFFNet architec-

However, residual connections are added to the SEM-B
blocks in this study to further increase accuracy with-
out affecting inference speed (Fig. 1). By preserving
low-level features lost through deep SEM-B blocks,
these connections further enhance the performance of
LMFFNet. Residual connections are preferred to dense or
attention connections since the element-wise summation
operation does not introduce trainable weights.

e Before upsampling, the dropout layer is used in the
decoder, which allows the model to show higher gener-
alization ability, making it better suited to a wide range
of precision agriculture practices.

In the remainder of this paper, the details of the proposed
architecture ResLMFFNet are described in Sect. 2. Section 3
presents the experimental results. Conclusions are given in
Sect. 4.

2 Methods

The ResLMFFNET model, an improved version of the
LMFENET architecture, emerges to increase accuracy while
preserving real-time capabilities, as depicted in Fig. 2. Simi-
lar to the LMFFNET design, the ResLMFFNET model is
composed of three core components: SEM-B block, feature
fusion module (FFM), and multiscale attention decoder
(MAD).

The ResLMFFNET architecture achieves its novel con-
tribution by implementing residual connections within the
SEM-B blocks, as illustrated in Fig. 2. Furthermore, the
accuracy is further boosted by the inclusion of a dropout
layer in the decoder design. This section provides a detailed
explanation of the essential components within the Res-
LMFFENET architecture.
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2.1 SEM-B block

The SEM-B block is built upon the split-extract-merge bot-
tleneck shown in Fig. 3. SEM-B applies a 3x3 convolution,
then splits the feature map into two branches, each with 1/4
channels of the input. One branch undergoes depthwise con-
volution, while the other employs depthwise dilated convo-
lution so that SEM-B effectively captures fine spatial details
and larger contextual information simultaneously. Following
the concatenation of the branch outputs, another 3x3 con-
volution is applied. This operation, leading to the original
channel number, combines multi-scale features more cohe-
sively. Finally, the output feature map is added to the input,
yielding a more informative representation.
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As depicted in Fig. 2, the architecture employs a pair
of distinct SEM-B blocks. The initial block is responsible
for capturing shallow features, whereas the subsequent one
focuses on extracting deep features. SEM-B Blockl1 is com-
posed of M(M > 0) SEM-Bs, while SEM-B Block2 com-
prises M’ (M’ > 0) of these bottleneck units.

2.2 FFM modules

Two FFM modules, namely FFM-A and FFM-B (depicted
in Fig. 4a and b, respectively), are employed to fuse mul-
tiscale features. Within these modules, pointwise convolu-
tion enables the extraction of valuable information with few
parameters.

In Fig. 4a, the initial block applies a 3x3 convolution
with a stride of 2, followed by two more 3x3 convolutions
to the input image x* € RE**W_The output feature map of
this initial block x™t € RC*H/2xW/2 5 then concatenated
with the downsampled feature map x' € RE<H/2XW/2 The
output of the FFM-A1 module xma! g R(C1+OXH/2xW/2 jg
derived as follows:

xffmal = f1><1c0nv ( concat (xinit’ xi, ) ) ’ (1)

where f|y.ony T€Presents the pointwise convolution opera-
tion and f, ... denotes the concatenation operation.

The downsampling block in Fig. 5 is applied on the out-
put of the FFM-A1 block, concatenating feature maps of 3x3
convolution (with a stride of 2) and 2x2 max pooling opera-
tions to retain more spatial information. As shown in Fig. 4b,
the resulting output, x¢ € RE>H/4xW/4 serves as input for
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both the SEM-B block with M number of SEM-Bs and the
partition-merge channel attention (PMCA) module. SEM-B
Block is applied to this feature map x? as follows:

xﬂ = fsembl (xd) ’ (2)

where x°! € RE>H/>W/4 is the output of SEM-B Block1
and f,..,; represents the SEM-B Block1 operation.

The PMCA module calculates a weighted sum by apply-
ing global average pooling to the partitioned regions, then
utilizing adaptively learned neural network weights, as
illustrated in Fig. 6. By integrating a squeeze-and-excita-
tion (SE) block [20], PMCA allocates more attention to the
informative features. The output feature map of this module
xrmeal g REH/4XW/4 s obtained as:

el = (x), 3)

where ., represents the operations in PMCA module.

2.2.1 Residual connections

Due to the intricate details embedded in high-resolution
remote-sensing images, the depth of the SEM-B blocks must
be large enough to capture these nuanced differences in pre-
cision agriculture objects. However, increasing the number
of SEM-B units in SEM-B blocks deepens the network,
creating a problem of poor gradient flow during back-prop-
agation. This trend leads to issues related to exploiting and
vanishing gradients, which reduces the model’s trainability
and expressiveness, thereby decreasing its performance [21].

A novel approach to the ResLMFFNet model is to incor-
porate a residual connection from the input feature map x“
to the output feature map x*' of the SEM-B block to mitigate
this problem. Fig. 7 illustrates this approach in which the
input feature map is added to the output feature map of the
SEM-B block by element-wise operation.

As information flows directly through the SEM-B
blocks, residual connections facilitate the capture of intri-
cate details in remote-sensing images with high spatial
resolution and prevent vanishing/exploding gradients [22].
Moreover, matrix addition in residual connections does not
add learnable parameters. Thus, ResLMFFNet uses resid-
ual connections rather than dense connections or attention
mechanisms. Referencing Fig. 4b, the output feature map
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x*! from SEM-B Block]1 is updated using a residual con-
nection to obtain x3!s g REXH/4xW/4,

xslres — xs'l +xd_ (4)

In the LMFFNet architecture, the output of the PMCA
module x™2!, the downsampled input x’’ € REXH/4xW/4,
and the output of SEM-B Blockl x*! are concatenated.
In ResLMFFNet, this concatenation includes x*™* instead
of x*!. Using pointwise convolution, the FFM-B1 block
produces the output xTmb!1 g R(CHOXH/SXW/4 a4 follows:

ffmbl _ 1 1"
X m _flxlconv( concal(xs res,xpmca ’xl )) (5)

Two FFM-B blocks at different levels are utilized to fuse
shallow and abstract features. Using a residual connection
allows for deeper network with unchanged trainable param-
eters, especially beneficial for preserving important features
in objects of different scales. This connection involves a sim-
ple element-wise summation, avoiding parameter increase
and causing only a slight inference speed rise.

2.3 MAD decoder

The attention-based MAD decoder architecture is pre-
sented in Fig. 8, designed to recover multi-scale spatial
details. The output xfmb!1 € R(C3+OXH/4XW/4 of the FFM-B 1
block, at a quarter scale of the input, undergoes a point-
wise convolution. Consequently, this process yields the
output feature map xTMPIMAD g REXH/4XW/4 with C5 chan-

nels as follows:

Fig.8 Decoder of Res-
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The output xmP2 g RCHOXH/SXW/S from the FFM-B2
block, which is at 1/8 scale of the input, undergoes pointwise
convolution, reaching to C6 number of channels. Moreover,

this feature map is doubled in size using upsampling, leading
to AffmMb2MAD = [ CoXH/4XW /4 4.

xffmeMAD =fip ( Ixlcony (xffmb2) ) , (7)

where f,, represents the upsampling operation performed
with bilinear interpolation. To capture more multi-scale spa-
tial information, the feature maps xTmPIMAD gpd xfmb2MAD ape
concatenated and subjected to a 3X3 depthwise separable
convolution. This process refines the combined multi-scale
information effectively. The resulting feature map is then
passed through a sigmoid activation function to produce the
multi-scale attention map MMM g REXH/4XW/4 a5 follows:

MMAM — (fc oncat ( xffmblMAD’ xffr/nb2MAD (8)
MMAM =46 (fdwconv (MMAM ) ) ’

where fy,.ony T€Presents depthwise separable convolution
operation and 6 shows the sigmoid activation function.

2.3.1 Dropout

A dropout layer is incorporated into the decoder part
of the ResLMFFNet architecture to enhance its gen-
eralization capability. The FFM-B2 block’s output
Affmb2 & RICHOXH/SXW/S i reused in a second branch
beyond its role in creating the MMAM attention map.
While the original LMFFNet design applies 3%x3
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depthwise separable convolution and upsampling to
this feature map x™2 the ResLMFFNet design (as
depicted in Fig. 8) employs a dropout layer with rate of
0.5 immediately after a 3x3 depthwise separable convo-
lution, followed by upsampling. This process yields the
AffmbIMAD2 & RCXH/4XW/4 feature map as:

A ffmb2MAD2 _ . ( Fivop ( Frvcoms ( xffme) ) ) )

where fq,,, represents the dropout layer of 0.5 rate. The
ResLMFFNet architecture fuses the attention map MMAM
from the first branch and the feature map xTb2MAD2 from
the second branch using pointwise multiplication. The out-
put x°U € REHXW is acquired through upsampling after the
pointwise multiplication to reach the original input size as:

xout — fup (MMAM ® xffmeMAD2 ) , (10)

where © is the pointwise multiplication operation.

3 Experimental results

This section introduces the image sets, the evaluation
metrics, and the implementation details. Subsequently,
comprehensive experiments assess the real-time semantic
segmentation performance of the ResLMFFNet architec-
ture across various precision agriculture applications.

3.1 Image sets

The experiments employ three remote-sensing image sets.
One set comprises images obtained from satellite-based
systems, while the other two consist of images acquired
through UAV sensing systems. This section explains each
of these image sets.

3.1.1 DSTL satellite imagery feature detection image set

The DSTL Kaggle [2] image set comprises 25 satellite
images, each capturing a region of 1000 m X 1000 m. An
example image is presented in Fig. 9a, accompanied by
the corresponding ground truth displayed in Fig. 9b for
ten labeled classes. This study uses images with a spatial
resolution of 1.24 m as input for real-time binary seman-
tic segmentation of crop regions. The depicted light green
pixels in Fig. 9b represent crops. Ground truth annotations
are created by describing the target classes with polygons in
GeoJSON, followed by normalizing geo-coordinates within
specific ranges to obscure satellite image locations.

3.1.2 RIT-18 (The Hamlin State Beach Park) aerial image set

The RIT-18 [23] image set includes aerial images taken via
an octocopter. The training image (Fig. 9¢) has a 9393 x
5642 pixel size with a high spatial resolution (0.047 m).
This study uses the RIT-18 image set for real-time binary
semantic segmentation of trees. Ground truth (Fig. 9d) for
eighteen labeled classes shows tree pixels in blue. Ground
truth annotations are created by manually delineating the
target classes within each orthomosaic image utilizing ENVI
software.

3.1.3 Wheat Yellow-Rust aerial image set

The Wheat Yellow-Rust [24] image set is a collection of
aerial images captured by the DJI Matrice 100 (M100) quad-
copter. The training image indicated in Fig. 9e possesses
dimensions of 1336 x 2991 pixels and a spatial resolution
of 0.013 ms. This study performs real-time binary semantic
segmentation of wheat yellow-rust disease. Affected regions,
caused by the controlled introduction of yellow rust inocu-
lum in 2 m X 2 m regions, are highlighted in blue within
the ground truth representation in Fig. 9f. Ground truth

Fig.9 Image set Illustrations. a An example original image from the
DSTL image set. b The corresponding ground truth image from the
DSTL image set. ¢ Original training image from the RIT-18 image
set. d The corresponding ground truth image from the RIT-18 image

@ Springer
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annotations are created by labeling target objects in each
image using the MATLAB ImageLabeler tool.

3.2 Evaluation metric

The Jaccard Index, also called the intersection over union
(IoU), is a metric utilized in experiments to evaluate the
performance of real-time semantic segmentation models. A
binary classification task involves calculating overlapping
pixels of the prediction and the mask divided by the total
number of pixels, as follows:

Jaccard Index = L, (11)

TP +FP + FN

where TP denotes correctly predicted pixels, FP represents
incorrectly predicted pixels, and FN corresponds to missed
pixels in the prediction.

Additionally, F; score is used as a complementary met-
ric for showing the performance of the proposed model. F,
score combines precision and recall by calculating harmonic
series as:

P 2 X Precision X Recall
! Precision + Recall

12)

where the precision and the recall are calculated as follows:

Recall = _Tr (13)

.. TP
Precision = ———, .
TP + FN

TP + FP

3.2.1 Implementation details

The experiments involve training semantic segmentation
architectures with the adaptive moment estimation (Adam)

algorithm on the NVIDIA Quadro RTX 5000 GPU while
utilizing the PyTorch framework. A manual hyperparam-
eter tuning process is adapted separately for each image set
to find the best-performing values based on Jaccard Index
measurements.

The mini-batch size is 8, and the number of epochs is 70.
Weight initialization follows the Xavier uniform method,
while the chosen loss function is binary cross-entropy with
logits. For the DSTL and RIT-18 image sets, an initial learn-
ing rate of 10~ is adopted and decreased by 9% every five
iterations. The Wheat Yellow-rust image set employs an ini-
tial learning rate of 5 X 1075, which undergoes a reduction
of 9% every ten iterations.

The images are partitioned into 224 X 224 image patches,
resulting in 5985 patches from the DSTL set, 1778 patches
from the RIT-18 set, and 1299 patches from the Wheat
Yellow-rust set. These patches are then assigned to training
(72%), testing (20%), and validation (8%). The validation
process utilizes 5-fold cross-validation.

The experiments are conducted using RGB and normal-
ized difference vegetation index (NDVI) [24] images to
demonstrate the generalization capacity of ResLMFFNET
architecture. By normalizing the difference between near
infrared and red reflectance, NDVI provides information on
healthy green plants.

3.3 Results

Table 1 outlines a comparative analysis between the Res-
LMFFNET model and state-of-the-art real-time semantic
segmentation architectures using the RIT-18, DSTL and
Wheat Yellow-Rust image sets. The comparison examines
inference speed, computational complexity and memory
requirement. Inference speed is measured using frames per

Table 1 Performance comparison of real-time semantic segmentation architectures estimated on the RIT-18, DSTL, and Wheat Yellow-Rust

image sets
Architectures GFLOPs Params (M) GPU memory require- RIT-18 image set DSTL image set Wheat
ment for inference (MB) Yellow-Rust
image set
FPS FPS FPS

U-Net 190.07 14.79 64.09 20.54 20.69 20.48
SegNet 245.80 29.44 120.74 18.37 18.48 18.44
FSFNet 2.60 0.81 9.27 135.59 141.19 140.04
DFANet 2.73 2.18 14.79 50.79 46.01 48.12
FASSDNet 8.65 2.84 17.15 98.16 106.67 97.56
Enet 435 0.36 7.68 60.21 61.95 60.61
UNetFormer 17.95 11.71 51.95 106.66 106.31 104.92
LMFFNet 12.73 1.34 11.41 99.38 109.09 99,84
ResLMFFNet (proposed) 12.73 1.34 18.01 98.91 108.55 97.86

All experiments are performed with an input size of 3 X 224 X 224 on a Quadro RTX 5000 GPU Card

The bold entities show the best experimental results in each metric
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Table 2 T.ree semantic . Architectures RGB images NDVI images

segmentation test results in

terms of Jaccard Index (IoU) IoU F, IoU F,

and F, score for the different

architectures with RIT-18 image U-Net 0.860 + 0.285 0.887 +0.243 0.841 + 0.306 0.878 +0.269

set SegNet 0.852 +0.293 0.883 +0.270 0.835 +0.310 0.860 + 0.294
FSFNet 0.844 + 0.307 0.868 + 0.290 0.772 + 0.335 0.814 + 0.307
DFANet 0.807 + 0.342 0.833 +0.323 0.796 + 0.322 0.825 +0.323
FASSDNet 0.847 + 0.292 0.876 + 0.269 0.756 + 0.374 0.786 + 0.353
Enet 0.859 +0.281 0.885 + 0.258 0.801 + 0.344 0.825 +0.329
UNetFormer 0.870 = 0.260 0.899 +0.232 0.842 + 0.296 0.871 +0.272
LMFFNet 0.874 + 0.270 0.895 +0.249 0.835 +0.298 0.865 + 0.274
ResLMFFNet (proposed) 0.884 + 0.252 0.913 + 0.214 0.856 + 0.278 0.885 + 0.257

second (FPS), while computational complexity is evalu-
ated based on metrics including learnable parameters, float-
ing-point operations per second (FLOPs), and Gigaflops
(GFLOPs). Function "torch.cuda.max memory_allocated()"
calculates the maximum GPU requirement for inference.
Notably, the ResLMFFNET model retains identical GFLOPs
and trainable parameter values as the LMFFNET, with only

The bold entities show the best experimental results in each metric

negligible variations observed in the FPS and memory
requirement values.

The tree semantic segmentation test results are shown in
Table 2, measured as Jaccard Index (IoU) and F; score. Res-
LMFENET outperforms other architectures. Compared with
LMFFNET, the proposed architecture enhances the Jaccard
index for RGB by about 1% and NDVI by 2.1%, all while

Fig. 10 Real-time semantic segmentation test results. Light green
represents a hit, dark green represents a miss, and red represents a
false alarm. First row shows crop predictions, second row shows

Table 3 Crop semantic
segmentation test results in
terms of Jaccard Index (IoU)
and F, score for the different
architectures with DSTL image
set

@ Springer

tree predictions and third row shows wheat-yellow rust predictions
a ground-truth masks. b U-Net. ¢ SegNet. d FSFNet. e DFANet. f
FASSDNet. g ENet. h UNetFormer. i LMFFNet. j ResLMFFNet

Architectures RGB images NDVI images
ToU F, ToU F,

U-Net 0.894 + 0.237 0.904 + 0.240 0.857 £ 0.285 0.883 + 0.263
SegNet 0.863 + 0.311 0.876 + 0.302 0.874 + 0.281 0.893 + 0.265
FSFNet 0.890 + 0.263 0.908 + 0.246 0.863 +0.310 0.877 + 0.300
DFANet 0.851 £ 0.324 0.864 +0.314 0.829 + 0.337 0.847 + 0.325
FASSDNet 0.878 +0.290 0.892 + 0.278 0.869 + 0.296 0.884 + 0.284
Enet 0.867 + 0.306 0.880 + 0.296 0.866 + 0.311 0.877 + 0.304
UNetFormer 0.880 + 0.283 0.896 + 0.268 0.865 + 0.307 0.879 + 0.297
LMFFNet 0.891 + 0.261 0.909 + 0.242 0.874 +0.283 0.893 + 0.266
ResLMFFNet (proposed) 0.896 + 0.256 0.913 + 0.247 0.888 + 0.272 0.904 + 0.259

The bold entities show the best experimental results in each metric
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maintaining comparable inference speed and computational
complexity.

Table 3 shows semantic segmentation test results for the
crop target object within the DSTL satellite image set. Res-
LMFFNET outperforms LMFFNET by achieving approxi-
mately 0.5% higher Jaccard index values for RGB and 1.4%
for NDVI in segmenting large-scale crop objects.

Table 4 displays semantic segmentation test results for
the Wheat Yellow-Rust aerial image set. ResLMFFNET
surpasses other architectures, achieving notable improve-
ments of approximately 11.2% for RGB and 4.6% for
NDVI in the Jaccard index compared to LMFFNET. This
enhancement is remarkable, considering the challenging
image set with limited training data. In addition, the tree
class from the DSTL image set has limited labeled data.
Therefore, Table 5 lists only test results for real-time mod-
els that converge on limited training samples. The Res-
LMFFNet model is superior to other models and achieves
improvements of 2.5% in RGB images and 3.6% in NDVI
images compared to the LMFFNet model.

Figure 10 illustrates the visual comparison of prediction
results from different models using sample images along-
side their corresponding ground truth masks. Specifically,
light green represents hit pixels, dark green denotes missed
pixels, and red indicates false alarm pixels. Three lines

display the prediction results for crop, tree, and wheat
yellow-rust objects. The ResLMFFNet architecture, illus-
trated in Fig. 10 (i), demonstrates reduced false alarms
and miss pixels for target objects of varying scales. These
visual results indicate that the ResLMFFNet architecture
improves segmentation accuracy while retaining real-time
inference speed.

Figure 11 shows the accuracy curves of the Res-
LMFFNet and LMFFNet architectures obtained through
training using the RIT-18, DSTL and Wheat Yellow-Rust
image sets. According to the fluctuations, the LMFFNet
architecture exhibits an unstable training process, prob-
ably due to problems like vanishing/exploding gradi-
ents. Training becomes more stable with the proposed
ResLMFFNet by smoothing fluctuations, as reflected in
Fig. 11a, c and e. Therefore, ResLMFFNet can overcome
possible vanishing/exploding gradients, thus improving
overall segmentation performance.

3.3.1 Ablation study

The first ablation study investigates how the dropout
layer in the MAD decoder affects performance. Table 6
reveals that ResLMFFNet and LMFFNet perform bet-
ter when the dropout rate is 0.5. With a dropout rate of

Table4 Wheat Yellow-Rust

. . Architectures RGB images NDVI images

semantic segmentation test

results in terms of Jaccard IoU F, IoU F,

Index (IoU) and F, score for

the different architectures with U-Net 0.521 + 0.294 0.647 +0.333 0.502 + 0.355 0.582 +0.353

UAV image set SegNet 0.545 + 0.347 0.620 + 0.372 0.469 + 0.366 0.545 +0.378
FSFNet 0.510 = 0.309 0.613 + 0.304 0.407 +0.333 0.499 +0.343
DFANet 0.489 + 0.321 0.587 +0.320 0.448 + 0.323 0.546 + 0.330
FASSDNet 0.538 +0.318 0.633 +0.326 0.540 + 0.307 0.643 + 0.301
Enet 0.524 + 0.327 0.617 +0.334 0.421 £ 0.352 0.500 + 0.375
UNetFormer 0.664 + 0.241 0.769 + 0.203 0.515 +0.320 0.615+0.313
LMFFNet 0.569 + 0.297 0.671 +0.291 0.574 +0.282 0.682 + 0.269
ResLMFFNet (proposed) 0.681 + 0.240 0.781 + 0.208 0.620 + 0.226 0.740 + 0.185
The bold entities show the best experimental results in each metric

Table 5 Tree semantic . Architectures RGB images NDVI images

segmentation test results in

terms of Jaccard Index (IoU) ToU F, ToU F,

and F, score for the different

architectures with DSTL image DFANet 0.359 +0.233 0.485 + 0.256 0.308 + 0.253 0.418 +0.282

set FASSDNet 0.471 +0.224 0.605 + 0.234 0.382 +0.248 0.506 + 0.264
Enet 0.466 + 0.247 0.592 + 0.261 0.373 +0.265 0.489 + 0.286
UNetFormer 0.473 +0.207 0.612 +0.213 0.370 + 0.242 0.495 + 0.259
LMFFNet 0.478 +0.216 0.614 + 0.225 0.391 +0.243 0.518 +0.261
ResLMFFNet (proposed) 0.503 + 0.220 0.638 + 0.222 0.427 + 0.260 0.550 + 0.274

The bold entities show the best experimental results in each metric
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0.7, the LMFFNet model exhibits subpar performance,
whereas, with a rate of 0.3, the model’s performance does
not improve from the baseline. Since there is no over-
fitting in the ResLMFFNet model, as shown in Fig. 11,
ResLMFFNet appears robust to various dropout rates.

Table 6 Ablation experiment results on dropout layer

The optimal dropout rate, however, remains 0.5 based on
experimental results.

Table 7 shows experimental results using various M
and N parameter values corresponding to the number
of SEM-Bs in SEM-B blocks. Increasing the depth of
SEM-B blocks within the LMFFNet model correlates

Architectures Params (M) RIT-18 image set DSTL image set Wheat Yellow-Rust image set
IoU F, ToU F, IoU F,

LMFFNet 1.40 0.874 +0.270 0.895 +0.249 0.891 +£0.261 0.909 +0.242 0.569 +0.297 0.671 + 0.291
LMFFNet_dropout (p = 0.5) 1.40 0.880 +0.265 0.901 +0.247 0.893 +0.258 0.911 +0.240 0.607 +0.275 0.712 +0.254
LMFFNet_dropout (p = 0.3) 1.40 0.874 +0.266 0.898 + 0.248 0.875 +0.266 0.899 +0.241 0.548 + 0.308 0.648 + 0.303
LMFFNet_dropout (p = 0.7) 1.40 0.868 +0.278 0.891 +0.258 0.869 + 0.286 0.889 +0.267 0.490 + 0.279 0.609 + 0.264
ResLMFFNet_dropout(p=0.5) 1,40 0.884 + 0.252 0.913 + 0.214 0.896 + 0.256 0.913 + 0.247 0.681 + 0.240 0.781 + 0.208
ResLMFFNet_dropout (p = 0.3) 1.40 0.883 +0.247 0.912 +0.227 0.895 +0.254 0.913 +0.237 0.613 +0.296 0.715 + 0.280
ResLMFFNet_dropout (p = 0.7) 1.40 0.882 +0.259 0.905 +0.239 0.894 +0.286 0.912 +0.268 0.608 +0.322 0.712 +0.332

Tree, crop and wheat yellow-rust semantic segmentation test results are given in terms of Jaccard Index (IoU) and F, score for RIT-18, DSTL

and Wheat Yellow-Rust image sets

The bold entities show the best experimental results in each metric

Table 7 Ablation experiment results on different M and N parameter values

Architectures GFLOPs Params(M) RIT-18 image set DSTL image set Wheat Yellow-Rust image set
IoU F, IoU F, IoU F,

LMFFNet 12.73 1.34 0.874 +0.270 0.895 +0.249 0.891 +0.261 0.909 + 0.242 0.569 + 0.297 0.671 + 0.291
(M =3,N=3%)

LMFFNet 15.76 1.82 0.872 +0.270 0.891 +£0.251 0.875+0.275 0.896 +0.254 0.429 +0.324 0.526 + 0.335
(M =3,N=12)

LMFFNet 14.27 1.40 0.874 +0.237 0.895 +0.239 0.886 +0.262 0.906 +0.242 0.560 + 0.279 0.667 + 0.264
(M =5N=38)

ResLMFFNet 12.73 1.34 0.884 +0.252 0913 +0.214 0.896 +0.256 0.913 +0.247 0.681 + 0.240 0.781 + 0.208
(M =3,N=3%)

ResLMFFNet 15.76 1.82 0.885 + 0.253 0.908 +0.234 0.897 + 0.259 0.912 +0.246 0.624 +0.260 0.717 + 0.255
(M=3,N=12)

ResLMFFNet 14.27 1.40 0.880 +0.262 0.904 +0.242 0.895 +0.255 0.913 +£0.238 0.598 +0.266 0.707 + 0.254
(M =5,N=38)

Tree, crop and wheat yellow-rust semantic segmentation test results are given in terms of Jaccard Index (IoU) and F, score for RIT-18, DSTL

and Wheat Yellow-Rust image sets

The bold entities show the best experimental results in each metric

Table 8 Ablation experiment results on different L,-norm rates

Architectures RIT-18 image set DSTL image set Wheat Yellow-Rust image set
IoU F, IoU F, IoU F,
ResLMFFNet (L,-norm with 10%)  0.883 £ 0.255  0.906 + 0.236  0.896 +£0.259  0.912+0.242  0.599 + 0.251  0.714 +0.225
ResLMFFNet (L,-norm with 10%)  0.874 + 0.267  0.898 +£0.248  0.896 +0.256  0.913 +£0.240  0.564 + 0.266  0.680 + 0.243
ResLMFFNet 0.884 + 0.252  0.913 + 0.214  0.896 + 0.256  0.913 + 0.247  0.681 + 0.240  0.781 + 0.208

Tree, crop and wheat yellow-rust semantic segmentation test results are given in terms of Jaccard Index (IoU) and F, score for RIT-18, DSTL

and Wheat Yellow-Rust image sets

The bold entities show the best experimental results in each metric
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Table 9 Ablation experiment results on data augmentation of scaling within [0.95 1.05] range

RIT-18 image set

DSTL image set

Wheat Yellow-Rust image set

Architectures IoU F, IoU F, IoU F,

ResLMFFNet (scale = 0.883 + 0.256 0.906 + 0.238 0.892 + 0.265 0.908 + 0.254 0.631 + 0.255 0.740 + 0.217
(0.95, 1.05))

ResLMFFNet 0.884 + 0.252 0.913 + 0.214 0.896 + 0.256 0.913 + 0.247 0.681 + 0.240 0.781 + 0.208

Tree, crop and wheat yellow-rust semantic segmentation test results are given in terms of Jaccard Index (IoU) and F, score for RIT-18, DSTL

and Wheat Yellow-Rust image sets
The bold entities show the best experimental results in each metric
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Fig. 11 Accuracy curves of training and validation sets in the train-
ing stage. a LMFFNet using RIT-18 image set. b ResLMFFNet
using RIT-18 image set. ¢ LMFFNet using DSTL image set. d Res-

with a decline in performance, a phenomenon already
noted in the LMFFNet study [19]. This trend highlights
the challenge of poor gradient flow inherent in deeper
blocks, as evidenced by the accuracy curves depicted in
Fig. 11. The ResLMFFNet model offers a solution by
introducing residual connections to better leverage the
potential of deeper SEM-B blocks. Notably, ResLMFFNet
demonstrates performance improvements with increased
M and N values. These results from the ablation study
confirm that the ResLMFFNet model enhances gradient
flow within deeper SEM-B blocks, helps preserve high-
level features, and thereby boosts overall performance.
Based on the findings from the ablation study pre-
sented in Table 8, L,-norm regularization does not

epochs

epochs

() ()

LMFFNet using DSTL image set. ¢ LMFFNet using Wheat Yellow-
Rust image set. f ResLMFFNet using Wheat Yellow-Rust image set

significantly affect overall performance. Accuracy curves
in Fig. 11 show that the dropout layer used in the Res-
LMFFNet architecture already provides sufficient regu-
larization and eliminates overfitting.

Scale transformation is selected as a data augmenta-
tion method to distinguish detail and global content fea-
tures. The region may be scaled down or up by up to
5%, yet Table 9 results indicate no notable performance
enhancement.

3.3.2 Limitations

The proposed model outperforms other architectures
on all image sets, yet some failure modes may affect

@ Springer
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(a) Mask (b) Prediction

Fig. 12 Segmentation results for ResLMFFNet in the complex
detailed and occluded tree objects

performance. The ResLMFFNet model produces inaccu-
rate predictions, particularly for images prone to occlu-
sion or containing complex details within target objects
(Fig. 12).

To effectively address the occlusion problem, the lit-
erature employs a convolutional block attention mod-
ule (CBAM) [25]. This module prioritizes the region of
interest by weighting features in both spatial and channel
dimensions. In the context of the ResLMFFNet model,
enhancing occluded tree features could be future research
by integrating CBAM into the decoder’s input maps
sourced from various scales in the encoder. Using CBAM
to extract global information from fine-grained features
might reduce interference from background and occluded
trees.

4 Conclusions

This study introduces ResLMFFNet, an improved version
of the LMFFNet model. Its design promises to overcome
the challenge of balancing high accuracy with fast inference
speed for various precision agriculture tasks. By incorporat-
ing residual connections into SEM-B blocks and a dropout
layer in the MAD decoder structure, ResLMFFNet out-
performs LMFFNet in terms of the Jaccard index without
changing model parameters and significantly affecting infer-
ence time. Extensive experiments demonstrate its superiority
over state-of-the-art architectures for real-time segmentation
of crops, trees, and wheat yellow-rust. ResLMFFNet helps to
preserve low-level features, improves generalization capabil-
ity and solves the possible problem of vanishing/exploding
gradients. Therefore, the proposed model supports real-time
precision agriculture applications with high accuracy and
fast inference time. Future work can explore optimizing
and quantizing the ResLMFFNet model for deployment on
embedded systems such as the Jetson TX series mounted on
quadcopters.
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