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Abstract

With the acceleration of urbanization and industrialization, the yield of municipal
solid waste has increased dramatically. Automatic waste sorting based on com-
puter vision and deep learning has become an effective solution for environmental
protection and resource recycling. However, mainstream object detection models
face challenges such as insufficient multi-scale feature extraction, weak robustness
to cluttered backgrounds, excessive model parameters, and high computational
complexity when applied to real-world waste detection scenarios. To address
these issues, this paper proposes MSF-TrashDet, a lightweight and efficient object
detection network tailored for waste detection tasks. The proposed model intro-
duces a novel Multi-Scale Feature Enhancement (MSFE) block, which integrates
dynamic weight adaptation, dilated convolution, and channel-split residual con-
nections to strengthen feature representation while maintaining computational
efficiency. In addition, structured channel pruning is applied to further compress
the model for practical deployment on edge devices. Extensive experiments are
conducted on the public TrashNet dataset to evaluate the effectiveness of the
proposed method. The experimental results demonstrate that MSF-TrashDet
achieves 91.91% mAP50 with only 1.93 M parameters and 5.00 GFLOPs, which
outperforms several state-of-the-art lightweight detectors including YOLOv5n,
YOLOv8n, and YOLOv1ln in terms of accuracy-efficiency trade-off. Ablation
experiments verify the effectiveness of each key component in the proposed
network. The MSF-TrashDet model provides a practical, reliable, and efficient
solution for automatic waste detection and intelligent recycling systems.

Keywords: waste detection, multi-scale feature fusion, lightweight convolutional
neural network, model pruning; object detection, TrashNet

1 INTRODUCTION

With the rapid expansion of urban population and industrial manufacturing activities,
the output of municipal solid waste keeps rising year by year, which brings severe
pressure to urban ecological governance and daily waste management worldwide [1].
Traditional manual waste classification relies heavily on human labor, which suffers
from low sorting efficiency, high labor cost, and potential occupational health risks
for workers. Therefore, developing automated, accurate and low-cost waste detection
technology has become an urgent demand to promote resource recycling and build
eco-friendly smart cities [2].



Benefiting from the rapid progress of deep learning and computer vision, Convo-
lutional Neural Networks (CNN) [3] have been widely adopted in various visual tasks
including image classification, semantic segmentation and generic object detection [4].
Existing detection frameworks can be roughly divided into two-stage and one-stage
architectures. Two-stage detectors such as Faster R-CNN [5] achieve high detection
precision yet carry heavy computation burden, while one-stage algorithms represented
by the YOLO series strike a better balance between inference speed and accuracy and
are more suitable for real industrial deployment.

Nevertheless, directly applying mainstream off-the-shelf detectors to garbage recog-
nition still faces many practical obstacles in real scenarios[6]. Garbage targets exhibit
drastic differences in scale, texture and placement angle, and the detection pro-
cess is easily interfered by cluttered backgrounds, uneven illumination and target
occlusion[7]. Most lightweight YOLO models simplify network layers to reduce com-
putation, which inevitably weakens their ability to extract multi-scale fine features;
high-precision networks with complete feature extraction modules often contain mas-
sive parameters and computing overhead, and cannot be deployed on embedded edge
devices with limited computing power. To solve the above practical contradictions,
this work designs a lightweight multi-scale feature fusion detection network named
MSF-TrashDet oriented to automatic waste identification tasks.

The core innovation of the proposed method lies in a newly designed Multi-
Scale Feature Enhancement block, which combines dilated convolution branches and
dynamic weight assignment to capture multi-scale garbage features adaptively, and
introduces channel-split residual structures to retain shallow detail information while
cutting redundant calculation. On this basis, structured channel pruning technology is
further adopted to compress the overall model volume for edge terminal deployment. A
full set of comparative and ablation experiments based on the public TrashNet dataset
verifies that the proposed MSF-TrashDet can achieve outstanding detection accuracy
with fewer parameters and lower GFLOPs compared with mainstream lightweight
detectors, providing a feasible technical scheme for intelligent waste sorting and recy-
cling monitoring systems. The rest of this paper is organized as follows. Section 2
reviews relevant research on lightweight networks and waste detection algorithms.
Section 3 elaborates the overall structure and each core module of MSF-TrashDet in
detail. Section 4 presents experimental settings and multi-dimensional experimental
results. Section 5 analyzes the performance of the proposed method. Finally, Section
6 summarizes this work and puts forward directions for follow-up optimization.

2 RELATED WORK

Intelligent waste detection utilizing deep learning and computer vision has emerged
as a pivotal technology for advancing urban environmental management and resource
recycling[8]. In recent years, the YOLO series of models have been extensively
employed in waste detection tasks, owing to their high efficiency and end-to-end pro-
cessing capabilities[9]. Numerous enhanced algorithms have been developed to address
the complex characteristics inherent in waste targets.

Real-time intelligent waste monitoring systems built upon YOLOv5 and YOLOvS8
have been deployed on embedded hardware platforms, which can realize recognition
of filled trash cans, scattered waste, plastic bags and wet garbage. Comparative tests
on public TrashNet dataset and self-built garbage data verify that YOLOv5 offers
better adaptability on GPU-free embedded devices, while YOLOvS8 achieves higher
detection precision [10]. Restricted by insufficient scene diversity of training samples,
such methods still suffer from limited generalization under uneven illumination and
partial occlusion.

To improve detection robustness in cluttered urban environments, a lightweight
YOLOv5s-based framework called EcoDetect-YOLO was proposed for exposed domes-
tic waste detection [11]. By embedding the CBAM attention module, adding a P2
small-target detection head, and replacing the feature fusion structure with BiFPN,
the model significantly strengthened multi-scale feature representation and small-
object detection ability. Although it achieves strong anti-interference performance and



robustness against noise, occasional misjudgments still occur on similar-appearance
waste categories.

Further pursuing efficiency and deployability, an improved lightweight ABCS-
YOLO detector was constructed by introducing adaptive spatial feature fusion,
bidirectional feature pyramid with attention mechanism, and ShuffleNetV2 lightweight
modules [12]. This design effectively enhances multi-scale feature fusion while com-
pressing model parameters and computation, making it more suitable for edge devices.
Validated on real-world detection tasks, the method achieves a favorable balance
between accuracy and speed, yet remains less effective on ultra-small and irregularly
shaped waste targets.

Currently, research in garbage detection predominantly concentrates on the design
of lightweight networks suitable for edge deployment, multi-scale feature learning to
accommodate targets with substantial variations in size and shape, and robust fea-
ture extraction under complex environmental conditions such as variable lighting,
occlusion, and clutter. Concurrently, the integration of detection systems with IoT
monitoring and intelligent recycling equipment has emerged as a significant direction
for future development.

Despite significant advancements in current methodologies, the detection of
waste materials continues to encounter numerous challenges in practical applications.
The substantial variability in the scale, shape, and texture of waste items often
results in the omission of small and fragmented debris. Furthermore, complex real-
world conditions—such as uneven lighting, cluttered backgrounds, and occlusion of
targets—adversely impact the robustness and reliability of detection outcomes. High-
precision models frequently pose deployment difficulties on edge devices due to their
considerable size, whereas lightweight models typically experience a reduction in accu-
racy. Additionally, limitations in public waste datasets, including inadequate scene
diversity and imbalanced sample distributions, constrain the model’s ability to gener-
alize effectively across different environments. Most existing systems primarily support
real-time monitoring but lack predictive capabilities regarding waste accumulation
trends, thereby hindering the intelligent optimization of waste collection routes and
management strategies.

3 METHOD

This section provides a detailed exposition of the proposed YOLO11n-MSFE detec-
tor, specifically designed for real-time waste classification on devices with limited
computational resources. As illustrated in Fig. 1, the framework builds upon the com-
pact architecture of YOLO11n and incorporates three principal enhancements: (1)
optimization of the lightweight backbone through the integration of ShuffleNetV2
[13], (2) multi-scale feature augmentation enabled by the novel MSFE block, and (3)
adaptive scale-consistent detection facilitated by the ASFF head. Collectively, these
modifications enhance multi-scale feature representation, mitigate background noise,
reduce occlusion effects, and decrease computational complexity, thereby establishing
an efficient and robust system for waste detection.

3.1 Overall Architecture

The comprehensive architecture of the proposed MSF-TrashDet, illustrated in Fig. 2,
is constructed upon the lightweight YOLO11n baseline, which is selected as the fun-
damental framework due to its native balance between inference latency and basic
detection performance for edge-side vision tasks. To address the inherent drawbacks
of vanilla YOLO11ln when applied to complex waste detection scenarios, including
insufficient multi-scale feature capture ability and relatively high computational cost,
targeted optimizations are implemented across backbone, neck and detection head
branches. The backbone network incorporates ShufleNetV2 units in lieu of the origi-
nal high-complexity convolution components; by introducing channel split, depthwise
convolution and channel shuffle lightweight operations, the backbone largely eliminates
redundant matrix multiplication during feature extraction, resulting in a substan-
tial reduction in both parameter count and computational overhead while retaining
stable feature extraction capacity for garbage targets with diverse textures and
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Fig. 1 Overall framework of the proposed MSF-TrashDet detection network.
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Fig. 2 Detailed network architecture of MSF-TrashDet model.

irregular shapes. Within the neck section, the customized multi-scale feature enhance-
ment (MSFE) block is embedded as the core feature fusion module, which leverages
multi-dilation convolution branches and dynamic weight assignment to strengthen
multi-scale feature representation and effectively mitigate the interference brought by
cluttered backgrounds, uneven illumination and frequent target occlusion in actual

urban waste sorting scenes.
Moreover, the original naive detection head relying on simple feature concatena-

tion is fully substituted with the Adaptive Spatial Feature Fusion (ASFF)[14] module
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Fig. 3 Structural diagram of the ShuffleNetV2 block.

to facilitate adaptive cross-scale feature integration. Different from conventional fea-
ture pyramid networks that directly splice multi-scale feature maps and ignore spatial
scale conflicts, ASFF dynamically learns independent spatial weighting coefficients
for each feature layer at every pixel position, which reasonably suppresses invalid
cross-scale feature noise and alleviates the scale mismatch issue thoroughly. Benefiting
from this adaptive fusion mechanism, the model significantly improves the detec-
tion accuracy of tiny fragmental waste, partially occluded trash and densely stacked
garbage targets that are prone to missed detection in original lightweight detectors.
The ultimate detection layer generates object bounding box and category predictions
at three distinct output scales, corresponding to feature maps downsampled by fac-
tors of 8x, 16, and 32x. The three-scale prediction branches work collaboratively to
capture small, medium and large waste objects respectively, enabling comprehensive
and robust recognition of garbage items spanning a wide range of size variations in
real-world monitoring environments.

3.2 Lightweight Backbone Based on ShuffleNetV2

To facilitate efficient deployment on resource-limited edge devices, ShuffleNetV2 is
employed to optimize the backbone architecture of YOLO11n. ShuffleNetV2, as shown
in Fig. 3, is a well-established lightweight network design that leverages channel split-
ting, depthwise convolution, and channel shuffle operations to enable effective feature
extraction with minimal computational cost[15].

In the proposed framework, the original computationally intensive modules located
in the intermediate and higher layers of the backbone are substituted with Shuf-
fleNetV2 units. This alteration preserves the network’s feature extraction capabilities
while reducing the overall model size. The adoption of this lightweight backbone
ensures the model’s real-time performance in practical garbage detection scenarios,
thereby providing a robust foundation for subsequent multi-scale feature enhancement
and adaptive detection processes.

3.3 Multi-Scale Feature Enhancement Block (MSFE block)

To address the weak feature extraction capacity of lightweight detectors for multi-
scale, irregular, and occluded waste targets under complex background interference,
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this paper designs a dedicated Multi-Scale Feature Enhancement (MSFE) block tai-
lored for garbage detection, whose complete structure is visualized in Fig. 4. The core
innovations of the proposed module lie in three complementary designs: multi-dilation
parallel branches for multi-scale context capture, a global context-driven dynamic
weight generator for adaptive feature fusion, and a channel-split residual branch to
retain fine-grained shallow texture information. The whole module maintains low
computational overhead and exhibits good compatibility with subsequent structured
channel pruning.

Let the input feature tensor be X € REXCinxHXW 'where B, Cy,,, H, W separately
denote batch size, input channel count, feature height and feature width. The module
first executes a channel-split strategy to partition the output channel budget C,,: into
two independent parts for multi-scale processing and residual information preservation:

Cout

le'd = 9

Cres = LCout — Cmid- (1)

Here, C,,,;4 serves as the channel dimension for multi-branch dilated convolution, while
C'res reserves original shallow feature channels as a residual branch to avoid the loss of
tiny fragmented waste details caused by repeated convolution downsampling. A 1 x 1
pointwise convolution compresses the input feature dimension to reduce computation
of subsequent multi-scale branches:

Xred = CODlel(X). (2)

Three parallel convolution branches with distinct dilation rates d = {1,2,3} are
constructed on top of X .4 to capture local texture, medium-range contour and global
large-scale context of garbage targets respectively. Each branch stacks two standard
convolution layers to refine extracted multi-scale features:

F, = ConvStacky—1 (X ed),
F5 = ConvStackg—a(Xred), (3)
F3 = ConvStacky—3(X ed)-

Instead of fixed equal fusion weights adopted in conventional multi-branch mod-
ules, this work builds a lightweight weight generator to produce data-adaptive fusion
coeflicients from global feature statistics. The pipeline integrates global average pool-
ing, two stacked 1 x 1 convolutions and Sigmoid activation to output a three-channel
weight vector W = [wy, wy, w3] € RBX3x1x1;

W = o (Convy i (Convyxi (AvgPool(X)))), (4)
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Fig. 5 Structural diagram of the ASFF block, including multi-level feature delivery pipeline and
pixel-level weighted fusion calculation.

where o(+) represents the Sigmoid function to constrain each weight w; € (0,1). The
three multi-scale feature maps are fused via element-wise weighted summation:

Ffusion:wl®F1+w2®F2+w3®F37 (5)

with ® denoting element-wise Hadamard multiplication. The dynamic weighting mech-
anism enables the model to automatically assign larger weights to branches matching
the actual scale of garbage targets and suppress irrelevant scale features disturbed by
clutter or occlusion.

For the channel-split residual branch, the module slices the first C,..s channels of
original input X as residual feature X ,.s. Bilinear interpolation is adopted to align
spatial resolution between X,..s and F fysi0n, when mismatched. The residual branch
and fused multi-scale features are concatenated along the channel dimension, followed
by two successive 1 X 1 convolution layers to aggregate cross-information and project
to the final output dimension C,;:

Y = CODV1><1 (CODVle (CODC&t(Ffusion, X'res))) . (6)

If the input and output channel dimensions are identical, an additional shortcut
residual connection is appended between X and Y to stabilize network training.

Benefiting from the joint effect of dilated multi-branch extraction, context-aware
dynamic weight fusion and channel-split residual retention, the MSFE block signifi-
cantly strengthens the model’s discriminative perception of tiny, large and irregular
waste objects. Meanwhile, the unified channel design of the module supports sparse
training and channel pruning, which facilitates the subsequent lightweight compression
of the whole detection network for edge device deployment.

3.4 ASFF-Based Detection Head

To enhance the integration of cross-scale features and mitigate the information loss and
feature conflict brought by simple direct concatenation in traditional feature pyramids,
the ASFF module is introduced and deployed on all three output branches of MSF-
TrashDet. As illustrated in Fig. 5, the network extracts three multi-scale feature maps
denoted as Level 1, Level 2 and Level 3 from the feature pyramid. For each target
prediction branch, ASFF first aligns feature maps from all three levels to an identical
spatial resolution, then learns pixel-wise adaptive weights to perform weighted feature
fusion at every spatial coordinate (m,n), which suppresses invalid cross-scale feature
interference according to the contribution of each scale feature[16].
Taking the fusion process for the Level 3 output branch as an example, let \¢

mn>
C

uS,, vS, represent the aligned feature values from Level 1, Level 2 and Level 3 at

position (m,n) respectively. The learnable weight coefficients corresponding to three
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The final fused feature F<, at spatial coordinate (m,n) is obtained by element-wise

multiplication and summation as follows:

Frm = i © © N 03027 @ g, + € @ v, (8)
where ® denotes the element-wise Hadamard product operation shown in the heatmap
subgraph of Fig. 5. All weight terms a.;?¢, b2 and ¢§7¢ are generated by stacked
convolution layers with Sigmoid activation, which enables the network to automatically
assign larger weights to feature layers matching the real target scale at each pixel.

This pixel-adaptive weighted fusion mechanism fundamentally resolves scale mis-
match and spatial inconsistency defects existing in conventional fixed-concat feature
pyramid networks. By embedding the ASFF fusion unit into all three detection layers
corresponding to Level 1, Level 2 and Level 3, the model can dynamically filter out
irrelevant feature responses from mismatched scales. The design achieves prominent
accuracy improvement for tiny fragmented waste, partially occluded trash and densely
stacked garbage samples, and greatly strengthens the model’s anti-interference robust-
ness under complex real waste sorting scenes with cluttered backgrounds and uneven
illumination.

3.5 Structured Channel Pruning for Model Compression

After completing the network construction of MSF-TrashDet, structured channel prun-
ing is introduced as a post-processing compression strategy to further reduce model
overhead for edge deployment. The pruning pipeline includes sparse training, channel
pruning and fine-tuning. During sparse training, the Batch Normalization scaling fac-
tors of each convolutional channel are constrained to approach zero, so channels with
lower scaling factors are identified as redundant ones that contribute little to feature
extraction.

In the pruning stage, redundant channels with small BN scaling factors are directly
removed to realize structured network compression without irregular weight spar-
sity, which guarantees hardware acceleration compatibility. After pruning, fine-tuning
is conducted to recover slight detection performance degradation caused by channel
deletion. Multiple pruning ratios are tested to balance accuracy and model volume.

4 EXPERIMENTS

4.1 Experimental Setup

All experiments were performed on a desktop workstation configured with an Intel
Core i7-12700 CPU, an NVIDIA GeForce RTX 3090 GPU featuring 24 GB of memory,
and 64 GB of DDR4 RAM operating at 3200 MHz. The system ran Windows 11 as the
operating system. The deep learning framework utilized was PyTorch version 1.13.1,
integrated with CUDA 11.7 and cuDNN 8.5.

The TrashNet[17] dataset served as the basis for all experimental evaluations. This
dataset was partitioned randomly into training, validation, and test subsets following
a 70:20:10 split ratio. All input images were uniformly resized to 640x640 pixels. To
enhance model generalization, data augmentation techniques—including random hor-
izontal flipping, random scaling, and color jittering—were applied during the training
phase.

Model optimization was conducted using the AdamW optimizer, initialized with
a learning rate of 0.001, a weight decay parameter of 0.0005, and a batch size of 16.
The training regimen spanned 100 epochs.

Performance was assessed using multiple evaluation metrics, comprising
Precision[18], Recall[19], Fl-score[20], mean Average Precision at 50% IoU
(mAP50)[21], the number of model parameters (in millions), model size (in



Table 1 Ablation study of key components on the TrashNet dataset.

Module

Precision mAP50 Recall F1 Size (MB) GFLOPs
MSFE ShuffleNetV2 ASFF
- - - 83.09 89.27 82.05  82.56 11.4 6.50
v - - 86.77 89.92 81.89  84.26 10.8 6.21
v v - 87.86 89.59 82.42 85.05 10.2 6.07
v v v 91.80 90.79 80.72  85.90 12.1 7.30
train/box_loss train/cls_loss train/dfl_loss metrics/precision(B) metrics/recall(B)
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Fig. 6 Loss and performance metric curves during model training.

megabytes), and computational complexity measured in giga floating-point operations
(GFLOPs)[22].

4.2 Ablation Study Results

To verify the effectiveness of each key component in MSF-TrashDet, ablation experi-
ments are performed on the TrashNet dataset. The baseline is YOLOv11n. Three core
components are evaluated: the MSFE block, ShuffleNetV2 backbone, and ASFF mod-
ule. In the table, ”/” denotes that the corresponding component is enabled, while ”-”
denotes disabled. The ablation results are listed in Table 1.

The baseline model attains a precision of 83.09% and an mAP50 of 89.27%, with a
model size of 11.4 MB. Incorporating the MSFE block results in a notable enhancement
in detection accuracy, accompanied by a marginal reduction in both model size and
computational complexity. The adoption of the ShuffleNetV2 backbone further stream-
lines the model architecture while preserving stable detection performance. When all
three modules are integrated concurrently, the network achieves the highest overall
detection accuracy, albeit with a moderate increase in model size and GFLOPs. This
observation suggests that the proposed modules effectively improve feature represen-
tation, and the slight augmentation in model complexity is justified by the significant
gains in accuracy. Figure 6 presents the training curves of loss values and key perfor-
mance metrics over epochs, demonstrating the convergence behavior and performance
improvements of MSF-TrashDet.

4.3 Model Compression Results

To further optimize the lightweight performance and facilitate edge device deployment,
structured channel pruning is adopted. Multiple pruning rates from 0% to 90% are
set for comparative analysis. The detailed results including model size are presented
in Table 2.

As the pruning rate increases, both the number of parameters and the model
size exhibit a consistent decline. At a pruning rate of 60%, the model attains an



Table 2 Model compression results under different pruning rates.

Prune Rate (%) Precision mAP50 Recall F1 Params (M) Size (MB) GFLOPs
0 91.80 90.79  80.72  85.90 2.67 5.44 7.30
10 92.73 92.37  85.79  89.12 2.52 5.14 6.80
20 93.30 92.66 86.09 89.55 2.39 4.89 6.50
30 92.51 91.98  84.85 88.52 2.25 4.63 6.00
40 88.81 91.19 87.02 87.91 2.14 4.42 5.70
50 92.73 91.62  85.52 88.98 2.04 4.22 5.40
60 92.78 91.91  85.65 89.07 1.93 4.02 5.00
70 86.89 90.61  87.01 86.80 1.85 3.86 4.80
80 31.67 43.40  81.96  45.69 1.76 3.69 4.50
90 14.03 18.39 98.86 24.48 1.71 3.59 4.30

BN layer weight distribution over Epochs 3 BN layer weight distribution over Epochs

i~

P 1o
BN layer weight value % BN layer weight value

(a) Before prunning (b) After prunning
Fig. 7 Comparison of model weight distribution before and after structured pruning.

optimal balance among accuracy, parameter count, model size, and computational
complexity, containing only 1.93 million parameters and occupying 8.7 MB of storage.
Beyond this threshold, although the model size undergoes further reduction, there
is a marked decrease in detection precision and mAP50, indicating that excessive
pruning compromises essential feature channels and results in significant performance
deterioration. Consequently, a pruning rate of 60% is identified as the most effective
ratio for practical implementation.

Figure 7 visualizes the BatchNorm layer weight distribution of the MSF-TrashDet
model before and after structured channel pruning. Before pruning, the weight val-
ues are widely dispersed, which indicates abundant redundant convolutional channels
inside the network. After applying a 60% structured pruning rate, redundant fea-
ture channels are eliminated according to the scaling factors of BatchNorm layers,
making the weight distribution much more concentrated. After pruning, the model
parameter volume is compressed from 2.67 M to only 1.93 M, and computational
complexity (GFLOPs) decreases from 7.30 to 5.00. Meanwhile, the model retains com-
petitive detection performance, achieving 92.78% Precision and 91.91% mAP50 on the
TrashNet dataset. The above results fully validate that the structured channel prun-
ing strategy proposed in this paper can well balance model lightweight degree and
detection robustness, which is highly suitable for deployment on resource-limited edge
devices.

4.4 Comparative Experiment Results

To comprehensively validate the superiority of the proposed MSF-TrashDet, compar-
ative experiments with a series of state-of-the-art detection models are carried out
under identical experimental conditions. All evaluation indicators including model size
are summarized in Table 3.

As demonstrated in the comparative analysis table, the proposed MSF-TrashDet
model attains the highest precision, mAP50, and Fl-score among all lightweight

10



Table 3 Performance comparison with state-of-the-art detectors on TrashNet.

Model Precision mAP50 F1 Recall Params (M) Size (MB) GFLOPs
YOLOv5n([23] 87.45 89.29  84.86 8241 2.64 5.30 7.70
YOLOv8n[24] 89.38 89.86  86.25 83.33 3.15 6.23 8.70
YOLOv11n[25] 83.09 89.27  82.56  82.05 2.61 5.28 6.50
YOLOv12n[26] 83.78 86.01  80.64 77.72 2.59 5.32 6.50
YOLOv26n[27] 84.45 86.32 81.31  82.85 2.37 5.13 5.20

SSD 30028 82.68 88.97  85.68  89.69 24.15 190.67 30.58
RetinaNet[29) 71.95 82.56  67.33 63.33 36.39 289.05 18.76
Swin-Transformer|[30) 90.92 89.77  90.47 90.05 44.76 537.82 23.31
Faster-RCNN][31] 56.43 70.01 5324  50.74 28.20 108.6 108.29
RT-DETR|[31] 80.61 74.04 7768 74.95 31.99 63.09 103.40
ABCS-YOLO[12] 87.50 89.75 84.62  81.91 2.27 4.62 6.10
YOLO11-improved 91.80 90.79 8590  80.72 2.67 5.44 7.30
MSF-TrashDet (Ours) 92.78 91.91 89.07  85.65 1.93 4.02 5.00
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O

Original yolo11-ABCS yolovsn yolovn yolovlln yolo-improved MSF-TrashDet

Fig. 8 Feature activation heatmap visualization of waste detection results.

models, while simultaneously exhibiting the lowest parameter count, model size,
and GFLOPs. In comparison to conventional two-stage detectors and large-scale
transformer-based architectures, our approach achieves comparable or superior detec-
tion accuracy with substantially reduced model size and computational demands. This
exemplary balance between detection performance and model efficiency substanti-
ates the suitability of MSF-TrashDet for intelligent waste detection applications and
deployment on edge devices. Furthermore, Figure 8 illustrates the feature activation
heatmaps, providing an intuitive visualization of the model’s attention regions and its
capacity for discriminative feature learning in waste object detection.

5 DISCUSSION

5.1 Effectiveness of Multi-Scale Feature Enhancement Module

Variable target scales, occlusion and cluttered backgrounds degrade the detection per-
formance of lightweight YOLO models. This paper proposes MSFE block to strengthen
multi-scale garbage feature extraction, and ablation results in Table 1 validate its
effectiveness.

With only MSFE block embedded into YOLO11n baseline, precision rises from
83.09% to 86.77% and mAP50 increases to 89.92%, while model size and GFLOPs
slightly decline. The module adopts three dilated convolution branches with different
dilation rates to capture multi-scale garbage features, and dynamically assigns fusion
weights via global pooling and Sigmoid activation. Channel-split residual branches
retain fine details of tiny fragmented waste and avoid feature loss.
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Feature heatmaps in Figure 8 intuitively demonstrate that MSF-TrashDet gen-
erates more concentrated, accurate foreground response regions than YOLOvbn,
YOLOv8n and original YOLO11n, effectively suppressing background noise for
occluded and small trash objects.

5.2 Lightweight Optimization of Backbone and Detection Head

Two lightweight improvements including ShuffleNetV2 backbone replacement and
ASFF detection head are adopted to balance accuracy and deployment cost.

Table 1 shows that replacing original backbone modules with ShufieNetV2 further
cuts model size and GFLOPs without obvious mAP50 drop. Channel split, depthwise
convolution and channel shuffle operations reduce backbone computation overhead
while preserving feature extraction capability.

ASFF solves scale mismatch defects of simple feature concatenation by learn-
ing spatial adaptive fusion weights for cross-scale feature maps, greatly boosting
detection performance on dense and small waste. After integrating MSFE block, Shuf-
fleNetV2 and ASFF, the model achieves 91.80% precision and 90.79% mAP50 with
mild computation growth.

As shown in Table 3, compared with mainstream lightweight YOLOs, two-stage
detectors and Transformer models, the pruned MSF-TrashDet achieves the highest
mAP50 (91.91%) with only 1.93 M parameters and 5.00 GFLOPs, possessing obvious
edge deployment advantages over large heavyweight models.

5.3 Analysis and Limitations of Structured Channel Pruning

Structured channel pruning is utilized for further model compression, and Table 2
records performance under different pruning ratios.

Metrics remain stable or slightly improved when pruning rate increases from 0%
to 60%. At the optimal 60% pruning ratio, the model is compressed to 1.93 M param-
eters with 92.78% precision and 91.91% mAPS50. Figure 7 shows BN weights become
more concentrated after pruning, confirming redundant low-contribution channels are
removed without damaging core feature extraction channels.

Excessive pruning leads to severe performance degradation: mAP50 sharply falls
when pruning ratio exceeds 70%, since critical feature channels for irregular and tiny
waste are discarded.

This work has two limitations: experiments only rely on the single TrashNet dataset
lacking complex real-world scenes, limiting generalization; the model only implements
static object detection without temporal analysis for waste accumulation predic-
tion. Future work will expand multi-scene garbage datasets and introduce time-series
modules to realize intelligent collaborative monitoring with recycling IoT devices.

6 CONCLUSION

A lightweight multi-scale feature fusion detection network named MSF-TrashDet is
proposed for automatic waste classification in this paper, aiming to address the defects
of insufficient multi-scale feature extraction, excessive computational cost and poor
anti-interference ability existing in traditional lightweight detectors under complex
garbage detection scenarios. On the basis of YOLO11n, three targeted optimizations
are designed: ShuffleNetV2 lightweight units replace the original backbone modules
to reduce baseline computation; a novel Multi-Scale Feature Enhancement (MSFE)
block is constructed to capture multi-scale garbage features via dilated convolution
branches and dynamic weight fusion; the ASFF adaptive spatial feature fusion head
is introduced to mitigate cross-scale feature mismatch for small and occluded trash
targets. Furthermore, structured channel pruning with an optimal 60% pruning rate
is adopted to further compress the model for edge-device deployment.

A series of ablation, compression and comparative experiments on the public
TrashNet dataset verify the superiority of the proposed method. The integrated MSF-
TrashDet before pruning achieves 91.80% precision and 90.79% mAP50. After 60%
channel pruning, the final model only contains 1.93 M parameters with 5.00 GFLOPs,
and its mAP50 reaches 91.91%. Compared with mainstream lightweight YOLO series
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(YOLOv5n, YOLOv8n, YOLOvlln), two-stage detection models and Transformer-
based architectures, MSF-TrashDet achieves the optimal trade-off between detection
accuracy and model complexity. Visualization results of BN layer weight distribution
and feature activation heatmaps further prove that the proposed modules effec-
tively filter redundant network parameters and strengthen the model’s perception of
multi-scale waste targets under cluttered backgrounds.

There remains room for further improvement in this research. The current detec-
tion framework only completes static image recognition of garbage objects without
supporting time-series analysis for waste accumulation trend prediction. Subsequent
research will introduce temporal feature learning modules to couple the detection
network with IoT intelligent recycling monitoring systems, so as to provide more com-
prehensive technical support for intelligent urban waste collection and management
scheduling.
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