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Abstract: To solve the problem of detecting foreign objects on mine conveyor belts with different backgrounds and variations 
in target scales, difficulty recognising elongated targets, and missed targets or false negatives for small foreign objects, this paper 
proposes YOLOv11-SFF, a conveyor belt foreign object detection algorithm based on an improved version of YOLOv11n. 
YOLOv11-SFF first introduces a C3k2_S module based on direction-aware strip convolutions to enhance the model’s ability to 
learn the long-term dependence structure of thin targets. Strip convolution performs horizontal and vertical convolution 
operations. Secondly, there is an FSPPF module that combines the FReLU activation function to augment deep feature 
representation and aggregate multi-scale contextual information for improved recognition, enabling the model to detect small 
objects. Finally, the FAFM Feature Alignment and Fusion Module is added in the neck network. Deformable convolutions and 
content-aware attention are used to achieve cross-scale feature space alignment and adaptive fusion, thus improving the detection 
accuracy of small, long and low-contrast objects on the conveyor belt. Experimental results demonstrate that, compared to the 
baseline model, the precision, mAP@50 and mAP@50-95 of YOLOv11-SFF increase by 2.4, 2.6 and 1.9 percentage points 
respectively, validating the effectiveness of YOLOv11-SFF in the task of detecting foreign objects on mine conveyor belts. 

Keywords: Mine Conveyor Belt; Foreign Object Detection; YOLOv11-SFF; Strip Convolution; Feature Alignment and 
Fusion. 

 

1. Introduction 
Mine conveyor belts are vital equipment in coal mine 

transport systems, and their operational status directly affects 
production efficiency and operational safety [1]. During 
actual operation, anchor bolts and large foreign objects may 
become lodged on the conveyor belt due to production 
activities or unforeseen circumstances; if these are not cleared 
in a timely manner, they can easily cause equipment failures 
and, in severe cases, may even lead to safety incidents [2] [3]. 
Traditional manual inspection methods are hampered by 
factors such as insufficient underground lighting, dust 
interference and complex backgrounds, which obstruct 
visibility; consequently, the detection efficiency and 
reliability of such methods struggle to meet the requirements 
of intelligent coal mining [4]. 

In recent years, with the advancement of artificial 
intelligence, object detection algorithms have gradually been 
applied to research into the detection of foreign objects on 
mine conveyor belts [5]. Guo et al. [6] proposed a low-light 
coal mine conveyor belt foreign object recognition algorithm 
based on an improved YOLOv8 model. This approach 
enhances image quality through low-light image 
enhancement and introduces a dynamic serpentine 
convolutional enhancement model to improve feature 
extraction capabilities for elongated foreign objects. 
Furthermore, by combining a lightweight neck network and 
an improved loss function, it reduces model complexity 
whilst optimising detection performance. Wang et al. [7] 
constructed a foreign object detection model for coal mine 
conveyor belts based on YOLOv11. By improving the 
structure of the backbone feature extraction, spatial pyramid 
pooling and detection branches, they enhanced the model’s 
ability to recognise small-sized and low-resolution targets. 
Lin et al. [8] proposed the UD-DETR lightweight detection 

network to address the issues of a large number of parameters 
and high computational complexity in RT-DETR. By 
improving the backbone convolutional layers and the feature 
pyramid structure, they reduced the computational load of the 
model whilst enhancing the detection performance for small 
foreign objects. 

The aforementioned research has achieved some success in 
the field of foreign object detection on mine conveyor belts; 
however, shortcomings remain in the extraction of features 
from elongated objects, the preservation of features for small 
objects, and the fusion of multi-scale features. On the one 
hand, elongated objects account for a low proportion of 
effective pixels in images and are easily confused with 
conveyor belt textures or shadowed areas; on the other hand, 
the features of small and low-contrast objects are not 
prominent and are easily weakened during propagation 
through deep neural networks. Furthermore, features at 
different levels differ in terms of spatial resolution and 
semantic representation; when fused, feature misalignment is 
likely to occur, leading to false negatives and false positives. 

To address these issues, this paper proposes the YOLOv11-
SFF model for foreign object detection on mine conveyor 
belts, based on YOLOv11n. The model incorporates 
improvements in three areas: feature extraction for elongated 
objects, deep multi-scale feature enhancement [9], and multi-
scale feature fusion [10], with the aim of enhancing the 
model’s detection performance for small, low-contrast and 
elongated objects in complex mine environments. 

The main contributions of this paper are as follows: 
(1) The C3k2_S module is proposed, which employs 

directional strip convolution to enhance the model’s ability to 
extract directional features of elongated foreign objects [11]; 

(2) The FSPPF multi-scale feature enhancement module is 
introduced, utilising multi-level pooling and the FReLU 
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activation function to improve deep-layer contextual 
modelling capabilities [12]; 

(3) The FAFM module is introduced to achieve cross-scale 
feature space alignment and adaptive fusion [13]; 

2. The YOLOv11 Model 
YOLOv11 is an improved model within the YOLO series 

of object detection algorithms. Its network architecture 
consists of three components: the Backbone, the Neck and the 
Head, as illustrated in Figure 1. In the YOLOv11 network, the 
Backbone extracts low-level textural features and high-level 
semantic features from images through multiple 
convolutional layers. The C3k2 module is used to enhance 
feature extraction capabilities, whilst the SPPF module serves 
to expand the receptive field and fuse multi-scale contextual 
information. The Neck component achieves feature fusion 
across different levels through operations such as upsampling 
and feature concatenation, enabling the model to utilise both 
low-level spatial details and deep-level semantic information 
simultaneously; The Head component performs object class 
prediction and bounding box regression based on the fused 
feature maps. 

Overall, YOLOv11 demonstrates good real-time detection 
performance; however, in the task of detecting foreign objects 
on mine conveyor belts, its feature extraction and fusion 
capabilities could be further optimised when dealing with 
slender foreign objects such as anchor bolts, small targets and 
complex background interference. YOLOv11 offers a variety 
of model sizes. Taking into account the requirements for real-
time performance and deployment costs in on-site mine 
detection tasks, this paper selects the lightweight YOLOv11n 
as the baseline model and modifies it in accordance with the 
characteristics of foreign objects on conveyor belts. 

 

 
Figure 1. YOLOv11 network architecture 

3. YOLOv11-SFF Improved Model 

3.1. C3k2_S Directional Feature Enhancement 
Module 

In the original YOLOv11 model, the C3k2 module 
primarily extracts local features through conventional 

convolution. Although it is capable of extracting texture and 
edge information from objects, in the context of foreign object 
detection on mine conveyor belts, slender foreign objects 
account for a low proportion of effective pixels in the image 
and are easily affected by interference from conveyor belt 
textures and shadowed areas. As conventional convolutions 
are constrained by a fixed receptive field, they lack the ability 
to model long-range dependencies for elongated objects; 
consequently, they struggle to adequately capture the 
continuous structural features of such foreign objects, which 
in turn further compromises the model’s performance in 
localising and recognising this class of objects. 

To enhance the model’s ability to extract features from 
elongated foreign objects, this paper proposes the C3k2_S 
module, which replaces the conventional convolutions in the 
Bottleneck branch of the original C3k2 module with a 
StripBlock. The StripBlock consists of small-kernel square 
convolutions, horizontal strip convolutions, vertical strip 
convolutions and 1×1 pointwise convolutions, as illustrated 
in Figure 2. 

 

 
Figure 2. Structure of the C3k2_S module 

 
This structure first extracts local contextual information via 

small-sized square convolutions, then utilises horizontal and 
vertical strip convolutions to capture long-range 
dependencies of the target in the horizontal and vertical 
directions, respectively. Finally, channel information fusion is 
achieved via 1×1 pointwise convolutions, which are then 
multiplied element-wise with the input features to obtain a 
direction-enhanced feature representation. The feature 
extraction process can be represented as: 

Y=Conv1×1 ൬Convk×1 ቀConv1×k൫Convk×kሺXሻ൯ቁ൰  ሺ1ሻ 

Fout=X⊙Y  (2) 
Where X denotes the input features, Ydenotes the feature 

weights obtained via directional enhancement, and⊙denotes 
element-wise multiplication. 

Compared with the direct use of large-sized square 
convolutions, C3k2_S is able to expand the directional 
receptive field at a lower computational cost, enabling the 
network to focus more effectively on the edge contours and 
directional continuity features of slender foreign objects, 
thereby enhancing the model’s ability to detect slender targets 
such as anchor bolts. 

3.2. FSPPF Multi-scale Feature Enhancement 
Module 

Although the original model expands the receptive field 
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using multi-scale pooling in the SPPF module, small and low-
contrast targets, which are necessary for detecting foreign 
objects on mine conveyor belts, only have a very small 
number of effective pixels; their fine-scale features are easily 
lost in deep neural networks, and thus the network cannot 
build a strong semantic representation for weak-textured 
targets. 

The new model has replaced the first SPPF block with an 
FSPPF block, and the structure of this block is shown in 
Figure 3. Multi-scale pooling is used to collect information 
from many receptive fields at different scales in the FSPPF 
module, and then, based on the features of this information, 
an adaptive combination method is employed to pay more 
attention to the key target area. First, a 1x1 convolution is 
employed to reduce the dimension of the input features; then, 
several max-pooling operations are carried out to obtain 
contextual information at various receptive fields, and finally, 
multi-scale feature fusion is achieved by convolutions. 
FSPPF adds an FReLU activation function to help learn the 
local spatial structure of the features better. The Steps of 
Calculation are as follows: 

X0=FReLU ቀBN൫Conv1×1ሺXሻ൯ቁ  (3) 

Xi=MaxPoolሺXi-1ሻ,   i=1,2,3  (4) 

Y=FReLU ൬BN ቀConv1×1൫ConcatሺX0,X1,X2,X3ሻ൯ቁ൰  (5) 

FReLU incorporates local spatial conditional information 
into the activation process, and is expressed as follows: 

f൫xc,i,j൯=max ቀxc,i,j,T൫xc,i,j൯ቁ  (6) 

T൫xc,i,j൯=xc,i,j
ω ⋅pc

ω  (7) 
X denotes the input features, X0 denotes the features after 

the first convolution,Y  is the output features of the FSPPF 
module, xc,i,j is the pixel value of the input feature at position 
(i, j) in the cth channel, 𝑇ሺ⋅ሻ  denotes the local spatial 
condition function, and pc

ωdenotes the learnable parameters 
of this window. 

FSPPF adds context modelling in the feature fusion stage 
to improve upon SPPF, and it is relatively light in terms of 
computation. Therefore, there is a loss of fine-grained 
information, but the detection performance of the model for 
multi-scale and low-contrast objects in complex scenes has 
been improved. 

 

 
Figure 3. Structure of the FSPPF module 

3.3. FAFM Feature Alignment and Fusion 
Module 

At the stage of feature fusion, the old ways of 
concatenation and addition at different levels are not good at 
handling the semantic differences and spatial structure 
inconsistencies of these features. Otherwise, there will be a 
mismatch in the feature space of different scales; the effect of 
feature fusion will be reduced, small targets will not be 
detected, and false alarms will occur in complex 
environments. Therefore, a FAFM (Feature Alignment and 

Fusion) module has been added to the Neck part. The 
Structure is as follows: As shown in Figure 4, there are two 
stages in the adaptive feature alignment and enhancement: 
deformable convolution alignment and content-guided 
attention fusion. 

 

 
Figure 4. FAFM module architecture 

 
During the feature alignment stage, deformable 

convolution is employed to achieve spatial position correction. 
This is primarily achieved by embedding DCNv4 into the C2f 
module to form C2f-DCNv4, which performs spatial position 
correction on the input features. Unlike standard convolution, 
which uses a fixed sampling grid, deformable convolution 
learns spatial offsets to dynamically adjust the sampling 
positions of the convolution kernels, thereby aligning features 
from different levels within the target key regions and 
mitigating the issue of spatial misalignment between features 
at different levels. Let the input features be denoted as, then 
the alignment process can be expressed as: 

Falignሺpሻ= ෍wk
k

⋅F൫p+pk+Δpk൯  (8) 

Where wkdenotes the convolution weights, pkdenotes the 
standard convolution sampling position, Δpk  denotes the 
offset obtained through learning. 

Feature alignment has been carried out, and now FAFM 
will use a Content-Guided Attention (CGA) mechanism to 
incorporate these features further and determine attention 
weights at the three levels of channel, spatial and pixel. 
Attention is paid to the relationship among all feature 
channels, the location of the important area is determined by 
spatial attention, and at the pixel level, some weights are 
given to the features. Therefore, the response of object edges 
and important texture areas will be improved, and 
interference from all kinds of background noise will be 
reduced. 

 

 
Figure 5. Structure of the Content-Guided Attention Mechanism 

 
The specific structure of CGA is shown in Figure 5. Let the 

aligned features be denoted by; the channel attention weights 
can be expressed as: 

Wc=σ(Conv2(δ ൬Conv1 ቀGAP൫Falign൯ቁ൰  (9) 

The spatial attention weights can be expressed as: 

Ws=σ ቀConv൫ൣGAP൫Falign൯,GMP൫Falign൯൧൯ቁ  (10) 

The pixel attention weights are then constructed as follows: 

Wp=σ ቀConv൫ൣWc⊗Falign,Ws⊗Falign൧൯ቁ  (11) 

The final fused features are: 
Fout=Falign⊙Wp+Falign  (12) 

Where 𝜎ሺ⋅ሻ denotes the sigmoid function, 𝛿ሺ⋅ሻ denotes a 
non-linear activation function, and ⊙ denotes element-wise 
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multiplication. 
The FAFM module is used to align and adaptively fuse 

features at different levels via deformable convolution and a 
content-guided attention mechanism to enhance the 
connection between low-level spatial details and deep-level 
semantic information. Therefore, it will be more likely to find 
small objects, low-contrast objects and objects in cluttered 
scenes. 

3.4. Overall Structure of YOLOv11-SFF 
Based on the above improvements, this paper proposes an 

improved model, YOLOv11-SFF, for the detection of foreign 
objects on mine conveyor belts, and its general structure is 
shown in Figure 6. YOLOv11n is employed as the foundation 
model, and in order to expand the collection of directional 
information for slender foreign objects, the C3k2_S module 
has been added; to enhance the modelling of deep, multi-scale 
context, the original SPPF module has been substituted by the 
FSPPF module; and to improve spatial alignment and 
adaptive feature fusion at all levels, the FAFM module has 
been introduced in the Neck section. The three extra modules 
are added to the model to provide directional feature 
extraction, deep multi-scale feature enhancement and multi-
scale feature fusion, etc., and together they improve the 
features at all times during extraction and fusion. Therefore, 
the model can deal with the problem of large-scale variation 
in the size of the target, reduce confusion caused by slender 
foreign objects, and solve the problem of detecting low-
contrast targets in the environment of mine conveyor belts. 

 

 
Figure 6. YOLOv11-SFF network architecture 

4. Experiments and Analysis of Results 

4.1. Experimental Environment and Dataset 
The experiments in this paper were conducted on a system 

running Windows 11, with an Intel® Core™ i9-14900HX 
(2.20 GHz), with an NVIDIA GeForce RTX 5070 Laptop 
GPU. The deep learning framework employed was PyTorch 
2.11.0, and Python 3.10 was utilised. CUDA 12.8 was utilised 
for GPU parallel computing throughout the experiments to 
accelerate model training and inference speeds. The specific 
configuration of the experimental parameters is shown in 

Table 1.  
The dataset used in the experiment is a self-compiled 

dataset of foreign objects on mine conveyor belts; the images 
are primarily sourced from publicly available online 
resources. The dataset comprises a total of 2,222 images, with 
target classes comprising two categories: anchor bolts and 
large chunks. The LabelImg annotation tool was used to 
perform bounding box annotations on the targets in the 
images, and the dataset was divided into training, validation 
and test sets in an 8:1:1 ratio. 

 
Table 1. Experimental parameter configuration 

Parameter Name Specific Configuration 

Image input size 640×640 
Epochs 200 

Batch size 8 
Workers 4 

Initial learning rate 0.01 
Momentum 0.937 

Weight decay coefficient 0.0005 
Optimiser SGD 

4.2. Experimental Evaluation Metrics 
In this paper, we selected precision (P), recall (R), average 

precision (AP), mean average precision (mAP@50, 
mAP@50–95), and floating-point operations (GFLOPs) to 
evaluate the improved YOLOv11-SFF model. Precision 
represents the proportion of samples predicted by the model 
as foreign objects that are actually foreign objects; recall 
represents the proportion of true foreign objects correctly 
detected by the model; AP denotes the average detection 
precision for a specific object class; mAP denotes the average 
of the APs across all classes; FLOPs denotes the number of 
floating-point operations performed by the model. The 
relevant calculation formulas are as follows: 

P=
TP

TP+FP
 (13) 

R=
TP

TP+FN
 (14) 

AP= න P
1

0

ሺRሻdR  (15) 

mAP=
1

N
෍A

N

i=1

Pi  (16) 

In the equation, TP represents the number of correct 
predictions of foreign objects; FP represents the number of 
instances where background or non-target objects were 
predicted as foreign objects; FN represents the number of 
actual foreign objects not detected by the model; and N 
represents the number of target classes in the dataset. 

4.3. Analysis of Ablation Experiments 
To verify the impact of each improved module on the 

model’s detection performance, this paper uses YOLOv11n as 
the baseline model and conducts ablation experiments on a 
self-built dataset. Throughout the experiments, the training 
environment and relevant parameters were kept consistent. 
The C3k2_S, FSPPF and FAFM modules were validated in 
combination, and the detection results under different module 
configurations were compared. The results of the ablation 
experiments are shown in Table 2. 

Experiment shows the results of the original YOLOv11n 
model without any modifications; In Experiments 2–4, 
replacing the C3k2 module with the C3k2_S module 
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increased the precision to 91.3 percent, with mAP@50 
increased to 92.9%, indicating that C3k2_S effectively 
enhances the model’s ability to capture directional features of 
slender foreign objects, whilst the FLOPs increased to 9.0 G, 
suggesting that this module incurs a certain computational 
overhead; Upon replacing the SPPF module with the FSPPF 
module, mAP@50 and mAP@50-95 increased to 93.0% and 

60.5%, whilst FLOPs remained consistent with the baseline 
model, indicating that the FSPPF module enhances the 
model’s ability to represent deep, multi-scale features without 
increasing computational complexity; Following the 
introduction of the FAFM module, mAP@50 increased to 
92.6%, whilst precision showed a decline, indicating that 
FAFM has a certain beneficial effect on feature fusion. 

 
Table 2. Results of the ablation experiments 

Experiment C3k2_S FSPPF FAFM P/% mAP@50/% mAP@50-95/% FLOPs/G 
1    89.1 91.7 59.6 6.3 
2 √   91.3 92.9 59.4 9.0 
3  √  91.3 93.0 60.5 6.3 
4   √ 89.0 92.6 59.4 6.6 
5 √ √  89.9 93.7 61.4 9.0 
6 √  √ 88.6 92.5 59.3 9.3 
7 √ √ √ 91.5 94.3 61.5 9.3 

In combination experiments 5–6, building upon the 
C3k2_S module, the addition of either the FSPPF or FAFM 
module resulted in varying degrees of improvement in 
mAP@50; when the three improved modules—C3k2_S, 
FSPPF and FAFM were used in combination, mAP@50 
reached 94.3%, mAP@50-95 reached 61.5%, representing 
improvements of 2.6 and 1.9 percentage points respectively 
compared to the baseline model, although the FLOPs were 
9.3G, detection accuracy was significantly enhanced, 
indicating that the synergistic effects of the three modules in 
feature extraction, feature enhancement and feature fusion 
can improve the model’s ability to recognise foreign objects 
on mine conveyor belts and enhance its robustness. 

4.4. FAFM Module Position Ablation 
Experiment 

To further validate the fusion effectiveness of the FAFM 
module across feature layers at different scales, this paper 
introduces the FAFM module before the P3, P4 and P5 
detection layers, respectively, and conducts position ablation 
experiments under a unified experimental environment. The 
experiments only alter the insertion position of the FAFM 
module, whilst the remaining network structure and training 
parameters remain consistent. The experimental results are 
shown in Table 3. 

 
Table 3. Results of the FAFM Module Position Ablation 

Experiment 
FAFM insertion point P/% mAP@50/% mAP@50-95/% 

P3 level 84.9 90.0 58.3 
P4 level 85.8 91.4 59.4 
P5 level 85.1 91.8 58.3 

P3, P4, and P5 levels 89.0 92.6 59.4 

 
As shown in the table, there are some differences in the 

detection performance of the model when the FAFM module 
is added to the feature layer at different scales. Adding the 
FAFM module at a single level, such as P3, P4 or P5, will 
increase the fusion of features at that scale, but the overall 
improvement will be relatively small. When the FAFM 
module was added to the beginning of all three detection 
stages (P3, P4 and P5) simultaneously, the P, mAP@50 and 
mAP@50-95 of the model reached 89.0%, 92.6% and 59.4% 
respectively, and the overall performance was better than that 
obtained by adding FAFM in a single stage. Based on the 
above results, it has been concluded that by adding the FAFM 
module at different levels of feature maps simultaneously, 
fine-grained spatial details, intermediate structural 

information and deep semantic knowledge can be integrated 
more effectively to improve the object detection performance 
at all scales. 

4.5. Comparative Analysis of Training Loss 
To further analyse the impact of each improved module on 

the convergence of the model, this paper compares the 
changes in training loss at different times after improvement 
and shows the results in Figure 7. As shown in the figure, the 
loss values of all four groups of models gradually decrease 
with the increase of training iterations and stabilise in the later 
stages of training; thus, it can be concluded that the training 
process for each model is relatively stable. 

The loss curve of YOLOv11n after adding C3k2_S is 
generally lower than that of the baseline model, so this 
structure has improved the model's learning of directional 
information for thin foreign objects. Therefore, based on the 
above, FSPPF is added to further reduce the loss, and it can 
be concluded that the multi-scale feature enhancement 
structure helps the model obtain richer deep-level features. 
After adding FAFM, the loss curve of YOLOv11-SFF was the 
lowest overall and remained relatively stable in the later 
stages; thus, it can be concluded that the synergy of the three 
modules has strengthened the model's ability to learn features 
of foreign objects on mine conveyor belts. 

 
Figure 7. Training loss curves at different stages of improvement 

4.6. Comparative Experimental Analysis 
To further verify the detection results of the YOLOv11-SFF 

model, several other object detection algorithms on the same 
dataset have also been tested in this paper, such as different 



 

68 

versions of YOLO (YOLOv8, YOLOv12 and YOLOv26), D-
FINE and RT-DETR. To ensure the fairness of the experiment, 
all the models to be compared will be trained in the same 
manner with data division and training parameters. The three 
evaluation indicators are Precision, Recall and mAP@50; the 
corresponding experiment results are shown in Table 4. 

As can be seen from the table, YOLOv11-SFF achieved the 
highest mAP@50 and mAP@50–95 among the compared 
models, reaching 94.3% and 61.5% respectively, indicating 
that YOLOv11-SFF demonstrates superior overall 
performance in object classification and bounding box 

localisation. Although the D-FINE and RT-DETR models 
outperform YOLOv11-SFF in terms of precision and recall, 
their computational cost is significantly higher than that of 
YOLOv11-SFF. Compared with other YOLO models, 
YOLOv11-SFF achieves higher mAP@50 and mAP@50–95 
at the cost of increased computational complexity. 
Comparative experimental results indicate that YOLOv11-
SFF strikes a good balance between detection accuracy and 
computational overhead, making it more suitable for foreign 
object detection scenarios on mine conveyor belts. 

 
Table 4. Results of Comparative Experiments 

method P/% R/% mAP@50/% mAP@50-95/% FLOPs/G 
YOLOv8 85.3 85.3 91.5 58.4 8.1 
YOLOv9 92.5 83.3 93.1 58.8 7.6 
YOLOv10 83.2 82.3 87.6 55.5 6.5 
YOLOv11 89.1 84.3 91.7 59.6 6.3 
YOLOv12 88.5 83.8 91.4 57.4 6.3 
YOLOv26 86.9 84.1 90.8 57.1 5.2 

D-FINE 92.3 85.6 91.6 61.4 21.4 
RT-DETR 93 85.3 93.5 58.7 57.2 

YOLOv11-SFF 91.5 85 94.3 61.5 9.3 

4.7. Analysis of YOLOv11-SFF Detection 
Results 

To further analyse the overall performance of the 
YOLOv11-SFF model during training, the improved model 
was trained and tested on our self-built dataset for 200 
training epochs, and the changes in training loss and 
evaluation metrics were analysed; the experimental results are 

shown in Figure 8. The experimental data show that the 
various loss functions declined rapidly during the early stages 
of training before stabilising as the number of iterations 
increased. Furthermore, the trends in validation set loss and 
training set loss were largely consistent, indicating the 
training and validation curves showed no obvious divergence 
indicative of severe overfitting. Metrics such as precision, 
recall, mAP@50 and mAP@50–95 improved initially before 
gradually converging. 

 

 
Figure 8. YOLOv11-SFF training performance curve 

 
To further validate the detection performance of the 

improved model, experiments were conducted using both the 
YOLOv11-SFF model and the original YOLOv11n model on 
the same dataset, with detection comparisons carried out 
across scenarios involving multiple targets, small targets and 
low-resolution targets. The experimental results are shown in 
Figure 9 below. In Figure 9(a), in a multi-object scenario, the 
YOLOv11-SFF model’s detection bounding boxes for anchor 
bolts and large foreign objects fit the target areas more closely, 
and the overall confidence levels are higher than those of the 
YOLOv11n model; in Figure 9(b), the original YOLOv11n 
model exhibits low detection confidence for some small 
objects, whilst the YOLOv11-SFF model is able to detect 
multiple small objects with greater stability; In Figure 9(c), 
the original YOLOv11n model exhibits missed detections in 

low-pixel-count scenarios, whereas the YOLOv11-SFF 
model successfully detects the corresponding low-pixel-count 
targets. The experimental results validate that the YOLOv11-
SFF model demonstrates superior detection stability in 
scenarios involving multiple targets, small targets and low-
pixel-count targets. 

5. Conclusion 
This paper proposes the YOLOv11-SFF detection model to 

address issues such as the difficulty in recognising elongated 
objects, the omission of small objects, and interference from 
complex environments in the detection of foreign objects on 
mine conveyor belts. The model utilises C3k2_S, FSPPF and 
FAFM to improve the feature extraction of elongated objects, 
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deep multi-scale feature representation and multi-scale feature fusion respectively. 
 

    
(a) Detection results for multiple objects 

    
(b) Detection results for small objects 

    

(c) Detection results for low-resolution objects 
Figure 9. Comparison of detection results between YOLOv11n and YOLOv11-SFF under different scenarios 

 
According to the above experimental results, YOLOv11-

SFF has increased the precision, mAP@50 and mAP@50-95 
by 2.4%, 2.6% and 1.9% respectively, compared with the 
baseline model. Ablation and comparison experiments have 
shown that the improved model is also good. In the future, I 
will reduce the computational complexity of the model and 
improve its real-time capability. 
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