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Abstract: Fast and efficient pest detection in resource-constrained agricultural environments remains a
critical yet challenging task, as most existing object detection methods prioritize accuracy over effi-
ciency. This paper explores an optimization scheme for detection heads based on sparse convolution
and proposes a novel adaptive sparse convolution network that effectively integrates background
features. To enhance compact foreground representation, we introduce an adaptive multilayer mask-
ratio strategy that dynamically extracts features at different scales. Additionally, an adaptive threshold
segmentation method based on Otsu’s algorithm is developed to improve foreground feature segmen-
tation accuracy. To further balance accuracy and efficiency, we propose a lightweight difference-guided
feature fusion method, which enhances feature representation while reducing computational com-
plexity. Experimental results on the IP102 public dataset demonstrate that the proposed module
consistently improves performance across four base detectors, achieving a 0.6%—1.2% increase in mAP,
a 26.7%-33.5% reduction in GFLOPs, and a 16.4%-30.2% improvement in FPS. Furthermore, while
maintaining accuracy comparable to state-of-the-art methods, our approach significantly improves
detection efficiency and speed, demonstrating strong potential for real-world agricultural applications.

Keywords: pest detection; sparse convolution; adaptive multilayer mask-ratio; threshold segmentation;
feature fusion

1. Introduction

As the global population grows, ensuring a stable supply of crops has become a critical challenge
for the international community [1,2]. Pests and diseases are major contributors to yield losses in
essential crops such as rice, wheat, and potatoes. Early detection of these threats is vital, as it allows
for timely interventions that can mitigate damage and prevent significant losses.

With the advancement of deep neural networks [2—4], the performance of object detection models
has significantly improved. However, this progress has come at the cost of increased model complexity
and parameter count. In contrast, developing efficient detection models for specific application
scenarios, such as agriculture, remains a challenging task. On one hand, existing research primarily
focuses on designing complex models that achieve high detection accuracy across a variety of scenes.
On the other hand, hardware resources in specialized application areas, such as agriculture, are often
limited. Therefore, it is crucial to focus on reducing computational overhead to accelerate model
inference while maintaining detection accuracy.

In recent years, numerous methods have been proposed to balance detection accuracy and effi-
ciency, including image enhancement [5], neural architecture search [6], knowledge distillation [7],
and lightweight model design [8]. Among these, lightweight model design has become the leading
approach, with a focus on reducing the complexity of the backbone network [9]. Popular models such
as MobileNet [10] and ShuffleNet [11] leverage depth-separable and group convolutions for efficient
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image feature extraction. However, detection accuracy still requires further improvement, as current
methods often omit the heavy detection heads commonly used in state-of-the-art detectors. To address
this, additional approaches, such as network pruning and structural redesign, have been proposed and
shown to speed up inference. Despite their effectiveness, these methods often lead to significant drops
in detection performance when computational resources are drastically reduced. Furthermore, these
techniques are primarily optimized for low-resolution input images and thus struggle to effectively
balance both detection accuracy and efficiency. Meanwhile, diffusion models [12,13] have recently
emerged as a powerful alternative for high-quality generative modeling, demonstrating strong capabil-
ities in object detection and semantic understanding by leveraging iterative denoising processes. These
models [14,15] have been successfully applied in pose-guided image synthesis and virtual dressing
applications , showcasing their potential in enhancing feature extraction and improving robustness in
detection tasks.

Sparse convolution [16-18] selectively performs convolution operations only on non-zero elements
in the input feature map, significantly reducing computational complexity and improving detection
efficiency. This makes it a promising alternative for enhancing computational efficiency in object
detection tasks. Yan et al. [16] demonstrated substantial improvements in 3D object detection by
integrating sparse convolution with an efficient embedding strategy. Similarly, Chen et al. [17]
optimized sparse convolution by introducing a focused sparse convolution operation, making it more
effective for processing large-scale 3D point cloud data. Furthermore, Hong et al. [18] proposed a
dynamic sparse detection framework that selectively focuses on important foreground regions during
both training and inference, thereby reducing computational overhead through a dynamic sparse
sampling strategy.

Recently, Sparse Convolutional Neural Networks (SCNNs) have gained attention as an efficient
approach for accelerating inference by generating pixel-level sample masks [19]. As illustrated in
Figure 1, the input feature map is first filtered using sample masks to identify valid pixel points, which
are then extracted to form sparse feature vectors. These sparse features undergo convolution with
a kernel, ensuring that computations are only performed at valid positions. The resulting sparse
convolved features are subsequently mapped back to the 2D space of the original feature map, forming
a computationally efficient representation. Efforts have been made to leverage sparse convolution for
optimizing detection heads. Song et al. [20] proposed a method that reduces computational costs by
integrating spatial gates at different feature scales within an FPN (Feature Pyramid Network). Similarly,
QueryDet [21] was designed for high-resolution images, utilizing P2 features of FPN to enhance small-
object detection accuracy. Furthermore, a cascaded sparse query structure was introduced using focus
loss [22] to accelerate training. However, existing methods often rely on fixed mask ratios, which fail
to effectively capture global context information, leading to suboptimal performance when handling
varying foreground-background feature distributions. As a result, their effectiveness is limited in
diverse application scenarios where feature distributions differ significantly.
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Figure 1. Image convolution with sparse pixel-level sample mask.
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In order to solve this problem, we propose a plug-and-play adaptive sparse convolution network
with background-feature fusion (ASCBF). Specifically, the generated sample masks are supervised by
estimating the optimal mask ratios using GT labels, so that they can be dynamically and adaptively
adjusted to the optimal mask ratios, thus achieving adequate coverage of features in different fore-
ground regions. In addition, relying only on the foreground features extracted by sparse convolution
for detection while ignoring the background features that contain other useful information can lead to
degradation of detection performance. In this regard, we design a lightweight feature fusion method to
guide the fusion of sparse foreground features with background features through difference mapping.
While retaining the high sensitivity of the sparse foreground features to the target region, the global
context information of the background features is fully utilised, thus significantly improving the
overall performance of the model. The contribution of our work lies in three-fold:

e  We propose an adaptive multi-layer mask-ratio strategy based on sparse convolution to focus on
the most informative features and reduce computational overhead.

e  Weintroduce an adaptive threshold segmentation method based on Otsu to address the limitations
of fixed threshold segmentation in handling feature distribution differences of different pests and
complex environmental scenes.

e  We propose a lightweight difference-guided feature fusion method to effectively integrate fore-
ground and background features, which not only improves detection performance but also
achieves a lightweight design of the model.

2. Methods

In this section, we will describe in detail the datasets used in the work of the paper in Section 2.1,
furthermore, adaptive sparse convolution network with background-feature fusion (ASCBF) will be
introduced in detail. The network model is shown in Figure 2. In a given base detector (RetinaNet is
used as an example in the paper), an adaptive multilayer mask-ratio strategy(AMMS) is adopted for
the different scales of the FPN features, and a binary sample mask generated under the supervision of
the GT labels is added to the FPN features of each layer, and this sample mask is used to corresponding
pixel-level features are filtered to form sparse foreground features, and the specific process will be
described in detail in Section 2.2. In an effort to more accurately distinguish foreground features
from background features and thus achieve better foreground coverage with sparse convolution, we
propose the adaptive threshold segmentation method (ATSM), and the specific process is described in
detail in Section 2.3. For the reason that the background features containing context and background
information, and avoid the problem of insufficient detection accuracy and model generalisation ability
due to the loss of background information, we construct a difference-guided feature fusion (DGFF)
method for integration of foreground and background features, and generates corresponding spatial
weights and channel weights to complete the weighted fusion of foreground and background features,
which further improves the detection accuracy of the model, and the specific process is described in
Section 2.4. Finally, we will present our experimental platform in Section 2.5 and evaluation metrics in
Section 2.6, respectively.
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Figure 2. Adaptive sparse convolutional network with background-feature fusion(ASCBEF).

2.1. IP102 Dataset

To validate the effectiveness of the ASCBF module, the paper uses a large-scale benchmark dataset
for crop pest identification, IP102. IP102 [23] dataset is a crop pest dataset for the object classification
and detection task, containing more than 75,000 images of eight crops, rice, maize, wheat, sugar beets,
alfalfa, grapes, citrus, and mango, with 102 types of pests images, which show a natural long-tailed
distribution. Considering the difficulty of marking the bounding box, IP102 randomly selects some
images from each category to form a data subset for the object detection task, including a total of
18,983 images that can be used for the object detection task of crop pests, as shown in Table 1, and
IP102 divides these images into the training set and the test set according to the ratio of 4:1.

Table 1. IP102 dataset of object detection task.

Categories Train Test Total
102 15178 3798 18976

In addition, considering that pests at different life stages have different levels of damage to
agricultural products [24], and in order to increase the relevance of the crop pest object detection task,
the IP102 object detection task dataset retains images of pests at different life stages, including egg,
larvae, pupae, and adult during the data collection and annotation period , as shown in Figure 3.

Figure 3. Different life stages of the same pest species.

2.2. Adaptive Multilayer Mask-Ratio Strategy

Conventional sparse convolution performs convolution operations only on the non-zero elements
of the input feature map, thus reducing the computational effort significantly. Based on this idea,
we propose an improved method to perform sparse convolution on an image by generating pixel-
level binary sample masks to efficiently extract foreground features. Specifically, for a given feature
map X; € REXCXHXW of the ith layer of the FPN , ASCBF employs a shared convolution kernel
Wiask € R1XCx3%3 where B, C, H, W denote the batch size, the number of channels, the height and
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the width, respectively. Firstly, a grey feature map is generated based on the convolution of W, to
the feature X; , which is subsequently further transformed into a binary mask matrix by using the
Gumbel-Softmax technique [25], as shown in Equation (1).

1, o Sit&1t& ) > T
e 1)
0 o Si+81+8 <T

4 T

In Equation (1), g1, g> € REXP*XHXW denote two random gumbel noises, ¢ is the sigmoid function,
T is the corresponding temperature parameter in Gumbel-Softmax, and T is the threshold discussed
in detail in Section 2.3. According to Equation (1), sparse convolution is performed only on regions
with mask value of 1 during the model training and inference phases, which significantly reduces the
overall computational cost. However, in the absence of any additional constraints, sparse detectors
often tend to generate masks with large mask ratios in order to obtain higher accuracy, e.g., most of the
existing studies use fixed mask-ratios (usually manually set to be greater than 0.9), which increases the
overall computational cost to a certain extent, and is unable to flexibly adapt to the feature distributions
of different scenarios, limiting the model performance optimisation space.

To solve this problem, the sparsity in the paper is controlled by the optimal mask-ratio of GT
labels. As shown in Figure 4, the adaptive multilayer masking strategy first estimates the optimal
mask-ratio based on GT labels. By using the label assignment technique, the GT detection result
G; € RPix%i can be obtained for the features of the ith layer of the FPN , where /; denote the height
and w; denote the width of the features of ith layer, respectively, and then the optimal mask-ratio of
FPN layer is shown in Equation (2).

Pos(G;)

Pi= Global (G;)

(2)
where Pos(G;) and Global (G;) denote the number of pixels belonging to the foreground instance and
the total number of pixels, respectively. In order to guide the network to generate a mask that is close to
the optimal mask-ratio of the GT labels, a loss function as shown in Equation (3) is used for constraints.

1 Pos(Hj) 2
Emask = T ;<Global(Hi) l ®)
where % denotes the mask-ratio of the binary sample mask. By minimizing £,k , the network

is able to generate a binary sample mask that is closer to the optimal mask ratio of the GT tag, thus
extracting better sparse foreground features and achieving better coverage of the foreground region.
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Figure 4. Adaptive multi-layer mask-ratio strategy.

2.3. Adaptive Threshold Segmentation Method

In the crop pest object detection task, there are significant limitations in directly using a fixed
threshold (e.g., 0.5) for grey-scale feature map segmentation [26]. Firstly, fixed thresholds lack dynamic
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adaptability and are difficult to deal with feature distribution differences of different target pests and
complex environmental scenes, which may lead to the loss of object features or the introduction of back-
ground interference. Secondly, this method ignores semantic information such as the complex shape of
the target pests, lacks robustness to noise or fuzzy boundaries, and is prone to misjudgment [27]. In
addition, fixed thresholds are difficult to cope with the challenges of multi-scale objects and complex
feature distributions in agricultural scenarios, especially performing poorly in detecting multi-category
small pest objects. Therefore, the paper adopts an adaptive threshold segmentation method based on
Otsu [28], which divides the image pixels into foreground and background classes, and determines the
optimal threshold T by maximising the inter-class variance. Specifically, the probability of a pixel with
grey value i is first calculated as shown in Equation (4).
. n;
pi) = (4)
where 1; denotes the number of pixels with grey value i and N denotes the total number of pixels.
Then the weight w and the average grey value p of the pixels in the two categories are calculated
separately , as shown in Equation (5)-(8).

T
wo(T) = ;)P(i) (5)
CXloip(i)
Ho(T) = wOTT) 6)
255
wi(T)=Y_ p(i) (7)
i=T+1
Y% i p(i)
ui(T) = % 8)

where wy, 4o denote the weights and mean grey values of the background class pixels, wy, #; denotes
the weights and mean grey values of the foreground class pixels. Finally, the inter-class variance 3 (T)
is calculated according to Equation (5)-(8), as shown in Equation (9). The T with the largest Ul% (T) is
selected as the optimal threshold for segmenting the grey scale feature map.

05 (T) = wo(T) - w1 (T) - [po(T) — pa(T)]? ©)

Aiming at the limitations of fixed threshold segmentation methods in the object detection task,
the adaptive threshold segmentation method based on Otsu effectively solves the problem that fixed
thresholds cannot dynamically adapt to the scene changes [29] by maximising the interclass variance,
and significantly improves the segmentation accuracy and robustness.

2.4. Difference-Guided Feature Fusion

Sparse convolution demonstrates significant advantages in extracting foreground object features,
mainly in its ability to efficiently process sparse information and reduce computational overhead.
However, despite its ability to accurately capture details of foreground objects, sparse convolution
tends to ignore contextual information in background regions [30]. This characteristic may lead
to model limitations in global scene understanding, especially in crop pest detection tasks where
contextual information plays a key role, e.g., the appearance of pests is usually closely related to
the growing environment of the crop, the lighting conditions, and the background features. There
are often complex correlations between the background and foreground, and the lack of adequate
understanding of background information can significantly affect detection performance.

To address this problem, the paper proposes a lightweight difference-guided feature fusion (DGFF)
method, which aims to effectively fuse background information and sparse foreground features. The
method dynamically adjusts the fusion weights of both foreground and background features by

d0i:10.20944/preprints202502.1385.v1
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guiding the network according to their saliency differences, which ensures the accurate extraction
of foreground object features and enhances the global context information of the background region,
and ultimately improves the detection accuracy of the model. Specifically, the pixel-level difference
between the sparse features and the background features is first calculated to obtain the difference
mapping , which reflects the saliency differences between the foreground and the background at
different spatial locations and channels, and provides the basis for the subsequent generation of spatial
and channel weights [31], as shown in Equation (10).

D = |F — F (10)

€ RE*H*W is the foreground feature extracted by sparse convolution and F, € RE*H*W js

where F;
the global background feature. Then Gaussian blurring and normalisation are applied to each pixel
position of the feature difference mapping to generate the spatial weight map W; € R"*W as shown

in Equation (11).

exp (=105, ) 1B) an
Ex/,y/ eXP(* ”D(x,/ 3/') H%)

where x and y denote the position coordinates of the current pixel in the feature map, and x’ and y’

Ws(x,y) =

denote the position coordinates of all pixels, respectively. The spatial weight map W; is able to highlight

regions with large differences between sparse foreground features and global background features,

and ensures that the weight distribution is smooth and suppresses the effect of noise. Summing the

difference maps over the spatial dimension, we obtain the channel-level weights W, € RS, as shown

in Equation (12).

_ Yay Dy )
Zx,y,c D(x, Y C)

where ¢ denotes the channel index where the current pixel is located in the feature map of the feature

We(c) (12)

map, and the channel weight W, is used to capture the saliency of foreground and background in
different feature dimensions. Finally, the sparse features are weighted and fused with the background
features using spatial weights W, and channel weights W, as shown in Equation (13).

Fr=Ws 0 ((We©1e) - ) + (1= W) © (1= We) © 1) - Fy) (13)

where © denotes element-by-element multiplication, 1. denotes the all-1 vector, which is used to

extend the weighting dimension. The fused feature Fy € REXHXW

contains both foreground and
background features extracted by sparse convolution, which can improve the understanding of global
contextual information, in addition to this, the difference-guided feature fusion method does not rely
on complex attention mechanisms, and the computation is simple and efficient, which further achieves
the lightweight design of the model.

Since the base detectors have a classification and a regression header in the detection framework,
and the two tend to focus on different feature regions, the paper introduces an ASCBF module for
each base detector respectively, as shown in Figure 2. The sparse foreground features extracted by the
ASCBF module and the global background features are fed into the detection head by feature fusion
guided by feature differences. This design not only enhances the adaptability of the model to different

regions, but also further optimises the detection performance.

2.5. Experimental Platform

The experiments in the paper are based on PyTorch [32] deep learning framework and MMDe-
tection [33] open source object detection toolkit. The server configuration used is Intel Xeon Silver
4314, with a main frequency of 2.4Ghz, 128 RAM, and a GPU of RTX 3090 with 24 video memory. For
model training in the paper, the SGD optimiser is used on the IP102 dataset, the batch size is set to 8,
the initial momentum is 0.937, the weight decay rate is set to 5E~#, the initial learning rate is set to
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1E~2, and the temperature parameter T in Equation (1) is set to 1. The training set images are scaled to
640 x 640 in equal proportions to be input into the network.

2.6. Evaluation Metrics

The experiments in the paper use average precision (AP), mean average precision (mAP), floating
point operations (GFLOPs), and frames per second (FPS) as the metrics to measure the precision and
efficiency of the detection model. The AP metrics are calculated from the precision and recall, and the
specific formula is shown in Equation (14)-(17).

.. TP
Precision = TP+ FP (14)
TP
Recall = TP+ EN (15)
1
AP = / P(R) d(R) (16)
0
N
N Ap
mAP = % (17)

where TP denotes the number of correctly predicted positive samples as positive samples, FP denotes
the number of incorrectly predicted negative samples as positive samples, FN denotes the number of
incorrectly predicted positive samples as negative samples, and m AP metrics are the average of AP of
all the categories, where the number of categories included is N. The m AP@0.5:0.95 used in the paper
refers to the average mAP value with IOU thresholds in the range of 0.5-0.95. GFLOPs and FPS denote
the computational quantity and detection speed of the model, respectively.

3. Implementation and Results

In this section, to exemplify the performance of the ASCBF module, we will validate it in com-
bination with four prevailing object detectors, and the specific experimental results will be shown
in Section 3.1. In this paper, adaptive multilayer mask-ratio strategy(AMMS), adaptive threshold
segmentation method(ATSM) and difference-guided feature fusion method(DGFF) are introduced
in ASCBF module, respectively. Compared with the fixed mask-ratio strategy, AMMS module can
significantly reduce the computational redundancy caused by too high mask-ratios, so this section
focuses on analysing the rationality of ATSM and DGFF module. To further validate the effectiveness
of the ATSM and DGFF module, we will perform experimental validation in Sections 3.2 and 3.3,
respectively. Then, we will perform ablation experiments on the three modules in order to verify
the mutual enhancement between the three modules, as described in Section 3.4. Finally, we will
perform comparison experiments with other state-of-the-art lightweight detectors to verify the ex-
cellent performance of our proposed ASCBF module, and the experimental results will be shown in
Section 3.5.

3.1. Analysis of Experimental Results with Different Base Detectors

The ASCBF network proposed in the paper is a plug-and-play modular network, in order to verify
the effectiveness of ASCBF, the paper combines the ASCBF module with four classical object detection
algorithms, namely RetinaNet [34], Faster-RCNN [35], FSAF [36], and CenterNet [37], the experimental
results are shown in Table 2. According to the experimental results in the table, the introduction of the
ASCBF module results in significant performance gains for each model, mAP for RetinaNet is increased
from 25.6% to 26.2%, and FPS from 20.41 to 26.57, an increase of about 15%, mAP for Faster-RCNN
is increased from 26.0% to 27.2%, and FPS is increased to 32.59, an increase of about 25%, mAP of
FSAF improves from 28.3% to 28.9%, and FPS improves to 34.36, and the GFLOPs are reduced, mAP
of CenterNet improves from 27.6% to 28.3%, and FPS improves dramatically to 40.40, an increase of
about 16%, which exhibits better computational efficiency and performance improvement. Overall, the
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ASCBF module demonstrates the utility and efficiency of the ASCBF module by significantly increasing
the inference speed and reducing the computational complexity while improving the accuracy.

Table 2. Comparison of various base detectors with ASCBF module.

Model mAP@0.5:0.95(%) mAP@0.5(%) mAP@0.75(%) GFLOPs(G) FPS
RetinaNet [34] 25.6 44.6 26.4 170.09 20.41
RetinaNet + ASCBF 26.2 46.2 26.9 127.42 26.57
Faster-RCNN [35] 26.0 47.2 25.0 270.21 25.89
Faster-RCNN +
ASCBF 27.2 48.1 25.8 208.51 32.59
FSAF [36] 28.3 50.7 28.1 138.92 29.53
FSAF + ASCBF 28.9 51.4 28.6 109.61 34.36
CenterNet [37] 27.6 49.5 27.9 149.25 34.36
CenterNet + ASCBF 28.3 51.4 28.5 116.17 40.40

3.2. Analysis of the Effectiveness of the ATSM Module

In order to verify the effectiveness of adaptive threshold segmentation method (ATSM) in seg-
menting foreground features, in this section, experiments are conducted for the detection performance
of ASCBF module under different thresholds in four classical base detectors and the results of the
experiments are shown in Figure 5.

—e— RetinaNet —e— Faster-RCNN
—=— RetinaNet+ASCBF —=— Faster-RCNN+ASCBF
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Figure 5. Curves of mAP changes at different thresholds in four base detectors.

From the experimental results, it can be observed that when the threshold is fixedly set to 0.5,
the model is still not the optimal performance even though it has shown good detection performance.
Therefore, the fixed-threshold approach fails to give full play to the potential advantages of the
adaptive multilayer mask-ratio strategy. Combined with the analysis of the crop pest detection task,
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certain pests tend to evolve features (e.g., colours, etc.) that are similar to their environment in order to
hide from natural enemies[38], thus making it easier to hide. In terms of the feature level of the image,
the fixed threshold method is difficult to effectively extract foreground features that are similar to
the background features, thus limiting the detection accuracy of the model in complex environments,
whereas the adaptive dynamic calculation of the optimal threshold can avoid the degradation of the
model performance due to the lack of information of the edge features that are not clear enough to
extract the foreground features.

3.3. Analysis of the Effectiveness of the DGFF Module

The traditional sparse convolutional framework will directly use the activation elements for
group normalisation after extracting the foreground features, which fails to make good use of the
background features that contain numerous useful information. In order to verify the effectiveness
of the difference-guided feature fusion method, the paper carries out experiments for the specific
performance of the two different feature processing modes in the RetinaNet-based detector, and the
feature heatmaps are shown in Figure 6.

(©
Figure 6. Comparison of characteristic heatmaps with different processing methods. (a) These are the original
images. (b) Group normalised characteristic heatmaps. (c) Characteristic heatmaps after DGFF treatment.

From the results in Figure 6, it can be seen that the range of the feature heat map of the difference-
guided feature fusion method is larger, and the shape of the focus area is closer to the shape char-
acteristics of the object itself. Combined with the analysis of the crop pest detection task, when the
pest to be detected has its corresponding category of special background (e.g., tree trunks, leaves,
etc.), then the feature fusion module can obtain the difference features of the background, so as to
be able to better identify the type of pest. This is especially important in situations where pests are
camouflaged or blend into complex backgrounds, as it helps the model distinguish the pest from
similar-looking background features [39]. This further demonstrates that the difference-guided feature
fusion method can learn deeper information in the features (e.g., the shape of the pests, the back-
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ground of the habitat, etc.), allowing for a more nuanced understanding of the pest’s environment and
improving the detection of pests in varied conditions. Furthermore, by focusing on both the pest and
its surrounding habitat, this method can potentially reduce false positives, which are common when
background clutter is mistaken for pests. In summary, the method not only enhances the extraction of
useful features for the object detection task of crop pests but also enables the model to perform more
accurately in challenging, real-world agricultural settings [40].

3.4. Ablation Experiment

In order to further verify the mutual reinforcement among the three modules of adaptive multi-
layer mask ratio strategy(AMMS), adaptive threshold segmentation method(ATSM) and difference-
guided feature fusion method(DGFF) in ASCBE, these three modules are integrated into the same
base detector for ablation experiments in this section. The experiments are framed in RetinaNet base
detector and the experimental results are shown in Table 3.

Table 3. This is a table caption. Tables should be placed in the main text near to the first time they are cited.

AMMS ATSM DGFF mAP@0.5:0.95(%) GFLOPs(G) FPS

25.6 170.09 20.41
v 25.1 113.57 27.19
v v 25.8 119.62 27.05
v v 25.5 124.28 26.81
v v v 26.2 127.42 26.57

From the experimental results in Table 3, it can be seen that when the sparse convolutional
network with adaptive multilayer mask-ratio with fixed threshold is used, the mAP@0.5:0.95 value
decreases by 0.5% although it still reduces the computational amount by 33%, and this status quo
can be improved after the adaptive threshold segmentation method is used, but it still falls short of
the detection performance of the baseline model, and when the difference mapping guided feature
fusion method is introduced, the complementary background feature When the difference-guided
feature fusion method is introduced, the mAP value of this paper’s model, which complements the
background feature information, exceeds that of the baseline model. In addition, the GFLOPs value
of the model is significantly reduced, and the FPS value is greatly improved, reflecting the balanced
detection performance and superior detection efficiency [41], which fully proves the effectiveness of this
paper’s method, and is in line with the expected goal of the object detection task in the resource-limited
scenario.

3.5. Comparison Experiments with Other State-of-the-Art Lightweight Detectors

To further validate the performance and efficiency of the ASCBF module proposed in this paper,
this section compares it with the state-of-the-art lightweight model QueryDet [21], which uses a novel
querying mechanism of cascading sparse queries to accelerate the inference of a dense FPN-based
object detector, and MobileNet V4 [10], which performs the trade-off between detection accuracy
and speed through universal inverted bottlenecks(UIB) and neural architecture search(NAS) for the
trade-off between detection accuracy and speed. The experiments are still framed by RetinaNet base
detector, and the experimental results are shown in Table 4.

Table 4. This is a table caption. Tables should be placed in the main text near to the first time they are cited.

Method mAP@0.5:0.95(%) GFLOPs(G) FPS
Baseline 25.6 170.09 20.41
QueryDet [21] 257 153.61 22.29
MobileNet V4 [10] 259 143.94 24.19

ASCBF(ours) 26.2 127.42 26.57



https://doi.org/10.20944/preprints202502.1385.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 18 February 2025 d0i:10.20944/preprints202502.1385.v1

12 of 14

From the results in Table 4, it can be seen that compared to the state-of-the-art lightweight models
QueryDet [21] and MobileNet V4 [10], the ASCBF module proposed in this paper has a significant
reduction in GFLOPs and a significant increase in FPS along with an increase in mAP@0.5:0.95, which
is significantly better than them in terms of accuracy and efficiency.

4. Conclusions

In this paper, we have presented an adaptive sparse convolution network with background-
feature fusion (ASCBF) network for improving the accuracy and efficiency of crop pest detection. Our
main contributions can be summarized as follows:

(1) We introduced an adaptive multi-layer mask-ratio strategy to dynamically adjust the sparsity
of feature maps at different layers of FPN. This strategy allows the network to focus on the most
informative features while reducing computational overhead. By minimizing the mask loss, the
network is able to generate binary sample masks that are closer to the optimal mask ratios of ground
truth labels, thereby extracting better sparse foreground features and achieving better coverage of the
foreground region.

(2) To address the limitations of fixed threshold segmentation in handling feature distribution
differences of different pests and complex environmental scenes, we adopted an adaptive threshold
segmentation method based on Otsu. This method divides the image pixels into foreground and
background classes and determines the optimal threshold by maximizing the inter-class variance. This
approach enhances the network’s ability to accurately segment pest objects from their backgrounds.

(3) We proposed a difference-guided lightweight feature fusion method to effectively integrate
foreground and background features. By dynamically adjusting the fusion weights of both foreground
and background features based on their saliency differences, the network is able to accurately extract
foreground features while enhancing the global context information of the background region. This
method not only improves detection performance but also achieves a lightweight design of the model.
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