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	 Abstract—For real-time weed detection needs 
and the flexibility of deploying models in embedded  
devices. We proposed an improved object detection 
platform, named Dense-YOLO which is based on 
Multi-scale retinex with chromaticity preservation 
(MSRCP) and YOLOv4 architecture. First, we use 
MSRCP to preprocess original images to provide 
a foundation for subsequent feature extraction. 
Second, Depthwise Separable Convolution (DSC) 
is used to reduce parameters, making it suitable 
for development on embedded devices. Third, 
we used k-means++ to optimize the clustering of  
anchor size. Fourth, DenseNet-121, PANet, and 
SPP modules together constitute Dense-YOLO. 
Last, we analyze the effectiveness of focal loss.  
Compared with YOLOv4, mAP is improved by 
7.26%, three-quarters of the parameters are removed  
and 6.1 higher in FPS. 

	 Index Terms—Weed Detection, Neural Network,  
Lightweight Platform 

I. INTRODUCTION

	 Weeds are one of the biggest threats in agriculture,  
they compete with crops for water, sunshine, and 
nutrients, significantly affecting crop productivity 
and quality [1]. The traditional weeding methods 
are not suitable for modern agriculture, because of 
time-consuming, labor-intensive, and low efficiency. 
Mechanical, biological, thermal, electrical, and laser 
weeding technologies are rapidly attracting attention 
from scientists and research organizations [2]. Weed 
suppression is generally carried out at the seedling 
stage, and object detection is the first step before 
weeding [3].
	 In the research of weed detection, the wide  
applications of traditional computer vision mainly 
include two steps:  feature extraction and pattern 
recognition [4]. For example, Pulido et al. [5] can 
improve the classifier’s performance to above 90% 
based on Gray Levelco Occurrence Matrix (GLCM) 
and Support Vector Machines (SVM) [6]. Although 
this approach achieves high accuracy, it takes a long  
time to classify, has poor generalization, and is difficult  
to apply in practice.

	 Now, the emergence of neural networks and the 
popularity of deep learning have provided greater  
space for the development of object detection  
algorithms, such as LeNet [7], which was first used 
for document recognition. In recent years, many 
SOTA algorithms have been proposed, such as  
AlexNet [8], VGG [9], GoogLeNet [10], and ResNet 
[11]. Object detection algorithms have evolved from 
the traditional VJ Framework (used in face recognition)  
[12], HOG [13], and DPM (based on SVM) [14] 
to convolutional neural networks (CNNs), such as 
two-stage algorithms:  SPPNet [15], Faster R-CNN 
[16] which is improved on Fast R-CNN [17], and  
one-stage algorithms: SSD [18]-[21], YOLO [22]-[25]  
that is a kind of end-to-end architecture and is famous 
as can balance with high accuracy and detection 
speed. Based on YOLOv3-tiny [24], Sharpe et al. [26]  
studied the influence of different annotation methods  
(entire plant annotation and partial annotation of  
leaf blade) and found the latter can have a better  
performance in detecting goosegrass. Gao et al. [27] 
also used YOLOv3-tiny as a foundation and presented  
an approach to improve the mean average precision  
(mAP) of convolvulus sepium and sugar beet to 
82.9%. From the above research, we can achieve 
high accuracy through the Graphics Processing 
Unit (GPU). However, there are many embedded 
robots and devices that need lightweight algorithms 
that have low computational complexity and better  
detection performance during forward inference.
	 In this paper, Dense-YOLO: a novel lightweight 
weed detection platform is proposed, and it is based 
on YOLOv4 [25] architecture to detect garlic sprouts 
and weeds. During detection, it can trade-off between  
accuracy, model scale, and speed. Through experiments,  
we found that multi-scale retinex (MSR) [28] with 
chromaticity preservation (MSRCP) [29] can be  
a better choice to preprocess our original images  
because of its good performance. Meantime, we use 
k-means++ [30] cluster anchors instead of the original 
k-means method in our weed dataset can improve 
detection precision. DSC and Focal Loss [31] also 
be applied in our new network to be responsible for 
reducing the whole network’s parameters and solving  
the class imbalance encountered during training,  
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respectively. Our proposed methods and Dense- 
YOLO have the characteristics of low parameters, 
high accuracy, small size, and good inference speed, 
that provide a new way of applications in embedded 
weeding robots.

II. RELATED WORK

A.	 MSRCP

	 Land et al. [32] proposed the Retinex (consists 
of retina and cortex) theory that explained how the 
human visual system perceives a scene and divided 
the visual system model into two parts: 

	  		        (1)

	 Where  denotes the final images received by 
eyes, and the low frequency information is denoted by 

 reflects the effect of lightness.  denotes 
scene reflectance and can reflect scene properties  
using high-frequency information. According to  
Retinex, Single-Scale Retinex (SSR), MSR, Multi-Scale  
Retinex with Color Restoration (MSRCR) and MS-
RCP were proposed one after another and be applied 
in image augmentation. While MSRCP can preserve 
better image chromaticity and color distribution by 
applying Retinex theory on intensive channels and 

mapping to each channel according to the original 
RGB scale. The intensity channel can be computed 
as follows:

	 			         (2)

	 For those images with a correct color distribution 
and white lightning, MSRCP can avoid color distortion  
and restore better images while preserving the original  
color distribution. This provides an advantage for 
feature extraction in CNNs.

B.	 Depthwise Separable Convolution (DSC)

	 Different with standard convolution, DSC is 
constituted by depthwise convolution and pointwise 
convolution. As shown in 
	 Fig. 1., the first step is to process the original  

 images using  filters that number  
is same as input images, so the output is  

 feature maps that will 
be the input images for the following phase. Second, 
pointwise convolution is in charge of mixing the  
information between channels.  filters will  
be used in this process, while m is the number 
of needed output feature maps. After both kinds  
of convolution, the final output feature maps shape  
is .

Fig. 1. Depth wise separable convolution process

	 The computational cost of standard convolution 
and DSC can be computed by Equations (3)-(4). 
Where, Wn and Wd denote the parameters of standard  
convolution and DSC respectively. W and H are  
the shapes of images, C is the number of channels. 
The size of the filter is represented by n. As shown 
in Equation (5), DSC has smaller parameters than 
standard convolution in the operation of convolution 
and is more suitable for deep learning networks.

	    (3)

	

	 	        (4)
	

C.	 DenseNet

	 Dense convolutional network (DenseNet) [33] 
was proposed by Huang et al. in 2017 and is used 
in deeper convolution networks. The core point of 
DenseNet is to connect every layer to each other layer  
in a feed-forward fashion. As a traditional neural  
network that has L connections, there is  
direct connections between each layer and its  
subsequent layer in DenseNet. The feature maps of 
all preceding layers are used as inputs for each layer, 
and its own feature maps are used as inputs for all  
following layers. DenseNet not only can avoid  
vanishing gradient but also can reduce the scale of 
the network, and reuse and combine feature maps.
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	 As illustrated in Fig. 2 each Dense Block contains  
enormous nodes that consist of normalization,  
activation functions, and convolutional layers, and are 

connected to the nodes before it. To increase inference 
efficiency, 1 5 1 convolution is used as a bottleneck 
layer to reduce the number of input feature maps.

Fig. 2. DenseNet model structure

D.	 YOLOv4

	 From 2016-2018, Redmon et al. successively  
introduced YOLOv1 [22], YOLOv2 [23] and YOLOv3  
[24] and realized object detection and classification 
prediction in a single network. This approach can 
detect objects rapidly while maintaining sufficient  
accuracy, which is suitable for real-world applications.  
Bochkovskiy et al. proposed YOLOv4 [25] in 2020, 
based on YOLOv3 and conducted some improvements  
to enhance feature extraction. Cross Stage Partial 
Darknet53 (CSPDarknet53), Spatial Pyramid Pooling  
(SPP), Path Aggregation Network (PANet), and 
YOLO Head comprise the YOLOv4 structure. Unlike  
YOLOv3, CSPDarknet53 is used instead of Darknet53,  
Mish activation replaces the LeakyReLu activation to 
improve the stability of gradient propagation. Three 
different size pooling layers in SPP can increase  
receptive field and fuse more feature maps. In PANet, 
multi-scale feature fusion occurred frequently to  
extract further features with various scales. After 
YOLO Head, we can get the anchor adjustive sizes,  
object location, classification confidence score 
and Intersection over Union (IoU) score. Finally, 
Non-Maximum Suppression (NMS) is used to filter 
badly bounding boxes. Equation (6) is to computed  
confidence score which reflect the credibility of  
predicted object.
	 		         (5)
		     

	 Where,  denotes the confidence score of the  
bounding box in the  grid.  reflects the 
probability that one bounding box contains the  target 
object. 
	  from the advantages of YOLOv4 that can trade 
off detection accuracy and speed. Compared with 
the original YOLOv4, there are many improvement 
architectures proposed. For detecting apple flowers, 
based on YOLOv4, Wu et al. [34] used the channel 
pruning algorithm to achieve a huge reduction in 
model size, inference time, and network parameters. 
Dong et al. [35] focused on some attention methods 
to increase weed detection accuracy, such as shuffle 
attention and transformer module. Multi-scale fusion 
and pooling methods are also applied by Che et al. 
[36] to improve the dishes detection performance. 
According to different fields, YOLOv4 is improved  

and applied in their own research which is an  
inspiration for this paper.

III. METHODOLOGY

	 Fig. 3 is the proposed framework which is designed  
to achieve better performance in weed detection and 
has lower parameters in the whole network. Four 
techniques will be introduced in this framework:  
MSRCP is used as an enhancement method for original  
images. K-means++ can optimize the initial anchor 
size. Focal Loss aims to address the common issue 
of class imbalance. Dense-YOLO is an improved 
one-stage object detection based on DenseNet and 
YOLOv4. Their detail will be presented in the  
following sections.

Fig. 3. The diagram of proposed framework

A.	 Image Enhancement

	 In the real world, those captured images have  
different lightness, dark regions, and poor contrast  
because of the effect of sunlight or the change of  
weather. Indeed, the result of applying data augmentation  
can restore a clearer and better image from an original  
image with dark regions or poor quality in other areas.  
In this paper, we tested different methods to find out 
the best one to support our next experiments, including  
Contrast Limited Adaptive Histogram Equalization 
(CLAHE) [37], homomorphic filtering based on 
Hue-Saturation-Intensity (HSI) [38], and MSRCP.  
CLAHE can reduce the noise problem and poor 
contrast by clipping several pixels that exceed the 
contrast factor to redistribute the whole histogram. 
According to the HSI of the original color image, the 
homomorphic filtering approach can not only improve  
the unequal distribution issue but also maintain the 
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RGB information. To preserve the original color  
distribution, MSRCP applies Retinex to the intensity 
channel without color restoration and maps the data to 
each channel using the original RGB scale. As shown 
in Fig. 4 comparative images were carried out in this 
paper to intuitively feel the impact of each algorithm on 
the original image. The contrast and color distribution  
after HFHSI processing have greatly improved. The 
lightness has increased using CLAHE, however, the 
contrast is relatively low. As for MSRCP, the leaves 
of the image are clearly distinguished from the  
background. Although the image is unnatural, the  

details are clearer, such as the classification texture, 
and the whole lightness is improved greatly, the  
saturation is better, and the contrast is enhanced.
	 As shown in Table Ⅰ, we also conducted comparative  
tests based on YOLOv4 to find out the optimal image 
enhancement method that is suitable for the CNNs.  
MSRCP achieves a good performance both in  
vegetable and weed AP value and mAP is higher by 
2.75% than the original image. So, we will use MSRCP  
as our image enhancement method for further  
experiments.

Fig. 4. The comparison of different image enhancement algorithm

TABLE I
COMPARISON OF DIFFERENT IMAGE ENHANCEMENT ALGORITHMS

Method
AP/%

Precision/% Recall/% mAP/%
Vegetable Weed

Origin 90.70 79.81 92.87 82.64 85.26

HFHSI 91.13 76.03 92.22 83.14 83.58

CLAHE 90.48 75.90 94.08 82.30 83.19

MSRCP 93.07 82.95 92.43 87.65 88.01

B.	 Dimension Cluster

	 Instead of clustering anchors by standard k-means 
that are used in the original YOLOv4, we run 
k-means++ clustering on the training set bounding 
boxes to automatically find good anchors and avoid 
the shortcoming caused by random initial cluster  
center. Based on k-means++, a specific way of choosing  
anchors is used in this paper and we detail the whole 
process:
	 1)	Prepare our bounding boxes dataset (all the 
class) and the number of needed centers k=9.
	 2)	Take one random center from dataset  as the 
initial center .
	 3)	Take a new center  from dataset , choosing   
with .

			   		        (6)

			    		        (7)

		
		

		  Where,  denotes  between data 
 and center .  is the distance of data  with 

its adjacent center .  is the probability of 
being the next center.
	 4)	Repeat step 3, until we have taken 9 centers 
altogether.
	 5)	Iterate compute , , classify

 to the new cluster center  that can 
get by Equation (9).

			   			         (8)

	 6)	When the value of  is stable, the output is 
the optimal cluster results.
		  We implemented the above algorithm and  
conducted combined experiments on our bounding 
boxes dataset and get the best performance anchors 
group: (130, 124), (83, 236), (195, 174), (305, 197), 
(259, 266), (308, 322), (570, 814), (1764, 449), and 
(2370, 1268).
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C.	 Dense-YOLO

	 Based on YOLOv4, we proposed a novel end-to-end  
network: Dense-YOLO. Instead of using CSPDark53 
as the backbone, we introduced DenseNet-121 as the 
backbone to rich the feature extraction and stable 
gradient propagation, as shown in Fig. 5. Through 
SPP structure, maxpooling layers of different sizes 
can extract more features from backbone network 
and increase receptive field. The purpose of the  
transition section which consists of 1 5 1 convolution 
and average pool is to change the number of channels 
and condense feature maps.
	 After transition section, we need to bridge the  
backbone and PANet, feature maps with different  
shapes are divided to three parts: 52×52×256, 
26×26×512, and 13×13×1024. As like the original 
YOLOv4, those feature maps are responsible for  
detecting different size objects respectively. To  
lightweight our network, we replace all the 3 5 3 
standard convolutions with DSC, Finally the number  
of parameters is decreased to one-quarter of the  
original YOLOv4. This strategy increases the feasibility  
of the object detection method being deployed 
on embedded robots or devices. In the improved  

backbone, like DenseNet-121, four Dense Blocks 
are used to improve the learning ability of feature 
extraction. The number of Dense units in each Dense 
Block is 6, 12, 24, and 16 respectively. ResNets and 
DenseNet convolutional feed-forward networks layer 
transition are shown by Equations (10) and (11).  
is the output of  layer.  denotes the function 
of operations such as convolution, Batch Normal-
ization (BN) [39], rectified linear activation (ReLU) 
[40], or pooling. Although they all belong to residual 
networks, DenseNet combines the feature maps of all 
preceding layers and can reuse features throughout 
the networks to obtain a more accurate model.

	 			         (9)

	 		      (10)

	 In the part of feature fusion, Dense-YOLO method 
keeps the PANet structure to extract feature maps with 
different scales to increase object detection speed, as 
the same YOLOv4 method. In the end, three head 
parts are used to predict classes and bounding boxes 
of weeds and vegetables.

Fig. 5. Dense-YOLO model structure

D.	 Class Balance

Actually, class imbalance is a common phenomenon,  
and there are a lot of vegetables and small weeds in 
the real dataset. Using standard cross entropy as a 
loss function may cause iteration to slow or deviate 
from the correct direction when training on the dataset 
with foreground-background class imbalance. So, 
we introduce Focal Loss in our model to make the 
network focus on hard, misclassified examples during 
training. Based on standard cross entropy, Focal Loss 
introduced a weighting factor  to address 
class imbalance as shown in Equation (12). 

	              (11)
Where  for the positive class and  for 

the negative class.  is focusing parameter, 
it can adjust the loss speed of easy examples and  
address the network to focus on the hard negatives. 

 denotes the estimated probability  
for the example x with label y in our model. We  
implement the Focal Loss method to Dense-YOLO  
to limit the dominant role of easy examples, avoid 
learning useless features, and improve training  
efficiency.



Indexed in the Thai-Journal Citation Index (TCI 2)

28	 INTERNATIONAL SCIENTIFIC JOURNAL OF ENGINEERING AND TECHNOLOGY,  Vol. 7, No. 2 July-December 2023

IV. EXPERIMENTS

A.	 Dataset

A large-scale dataset is necessary for supervised 
learning and deep learning. That’s why we established 
our own dataset for weed detection through capturing  
images from farmland at a height of 40 cm. We capture  
images during stem elongation stage because there 
are more features that can be distinguished, and  
occlusion has less impact on each object. Our dataset 
contains 1800 original images and two categories: 
vegetable and weed. In the real world, our dataset 
has following properties: (a) occlusion with each  
other, (b) incomplete objects on the edge of image, 
(c) other objects coexist with our target object, and 
(d) dark regions, as shown in Fig. 6. 

Fig. 6. Example images of vegetable and weed

Data augmentation is widely used in State-of-
the-Art (SOTA) detection algorithms and can boost 
a network’s performance and robustness. We add  
rotation, flipping, scaling, blurring, and cropping into 
augmentation strategies to expand image number and 
prevent overfitting. As shown in Table Ⅱ, the original 
images are expanded to 5000, and 90% of them are 
used as training and validation, and 10% are to test 
performance.

TABLE Ⅱ
STATISTICAL DATA OF AUGMENTATION

Origin Augmented Train Validation Test

1800 5000 4050 450 500

B.	 Evaluation

Popular measures used to evaluate detection  
performance include Precision (P), Recall (R), Average  
Precision (AP), mean mAP, Frame Per Second (FPS), 
and the number of parameters in the whole network. 
Using Equation (13) to calculate the P and Equation 
(14) to get R which is the proportion of predicted 
items to the total number of true items. The P-R curve 
can be obtained by P and R, and the area enclosed 
by the P-R curve with the x and y axes is AP. mAP is 
the value by summing the AP of each category and 
then averaging.

				         (12)

				         (13)

			        (14)

Where TP denotes the positive examples are 
correctly identified as positive samples. FP is the 
negative examples that are incorrectly identified as 
positive samples. FN indexes the positive samples 
are incorrectly identified as negative samples. k is 
the number of detection classes.

C.	 Clustering Analysis

Dense-YOLO is an anchor-based detector, anchors  
with suitable size are the crucial factor for yielding 
good result performance. The size distribution of 
bounding boxes differs from other common datasets, 
so it is necessary to cluster before training. Instead 
of k-means method, we use k-means++ to conduct 
clustering analysis in each class. We set k as 9 because  
Small (S), Medium (M), and Large (L) are three 
groups for detecting different-sized objects and each 
group has three pairs of data. Table Ⅲ presents the  
results. Moreover, to study the effects of different 
group combinations, mixed experiments are conducted  
to find a better anchor setting. Table Ⅳ displays group 
settings and comparison results. In total, there are 9 
groups from A to I. 

Table Ⅴ is our experimental setup: all training 
and tests are conducted with 3060Ti GPU and use 
this GPU to execute multi-scale training in the batch 
size of 64 while mini-batch size is 8 or 4 depending 
on GPU memory limitation. This work uses Python 
3.6 and Pytorch1.10 as the programming language 
and deep learning platform. During training, the 
Adam method is the optimizer to implement gradient  
backpropagation. The total epoch, momentum,  
learning rate, and decay are 200, 0.937, 0.001, and 
0.0005 for all methods, respectively.



Indexed in the Thai-Journal Citation Index (TCI 2)

INTERNATIONAL SCIENTIFIC JOURNAL OF ENGINEERING AND TECHNOLOGY,  Vol. 7, No. 2 July-December 2023	 29

TABLE Ⅲ
EXPERIMENTAL RESULTS OF K-MEANS++

Clustering by Category

Weed Vegetable

S M L S M L

130,124 305,197 271,457 150,142 506,234 570,814

  83,236 259,266 546,240 287,197 534,466 1764,449

195,174 308,322 419,348 252,420 895,389 2370,1268

Together Clustering (148,140) (280,208) (259,421) (498,238) (534,468) (895,389) (570,814) (1707, 421) (2265,1256)

TABLE Ⅳ
MIXED COMPARISON EXPERIMENTS GROUPS SETTING AND DETECTION RESULTS

Combination Setting Experimental Results

Weed Vegetable Weed Vegetable
Precision/% Recall/% mAP/%

Group S M L S M L AP/%

A Together Clustering Result 78.86 93.07 93.66 88.81 85.97

B √ - - - √ √ 80.00 92.70 93.83 88.81 86.35

C - √ - √ - √ 81.76 93.82 93.90 89.98 87.76

D - - √ √ √ - 84.10 94.08 93.15 90.82 89.09

E √ √ - - - √ 85.41 93.72 94.07 89.98 89.56

F - √ √ √ - - 84.69 92.70 91.79 89.65 88.69

G √ - √ - √ - 79.38 92.70 93.51 88.98 86.04

H √ √ √ - - - 79.35 93.40 94.37 89.48 86.37

I - - - √ √ √ 84.63 93.91 93.16 90.15 89.27

TABLE Ⅴ
THE HARDWARE AND DETAILS OF MODEL TRAINING EXPERIMENTAL SETUP

Setup GPU Programming 
Language Platform Optimizer Epoch Momentum Learning 

Rate Decay

Details 3060Ti Python 3.6 Pytorch 1.10 Adam 200 0.937 0.001 0.0005

	 Based on YOLOv4, we choose MSRCP algorithm  
to process original images before feeding into the 
neural network. From Table Ⅳ, different anchors 
combination does affect the result and group E 
achieves the best performance with 89.56% mAP. 
Compared with the original k-means method, The 
relative mAP has improved by 1.55%. The reason is 
the suitable combination makes it easy for detector 
to adjust bounding boxes and finish regression. Next, 
we will use the anchor size of group E to continue 
experiments.

D.	 Lightweight Network

To reduce the total parameters and increase in-
terference speed during detection, Howard et al. 
proposed MobileNetV1 [41], MobileNetV2 [42] and 
MobileNetV3 [43]. Because DSC was introduced into 
their network to reduce parameters, while trade-off 
between accuracy, model size, and detection speed. 
In this paper, we also use DSC to replace the 353 
standard convolution to lightweight our network and 
make it possible for applying to embedded devices. 
Additionally, we used DSC in YOLOv4 rather than 
traditional convolution to test the efficacy of DSC.
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TABLE Ⅵ
COMPARISON EXPERIMENTS

Convolution 
Method

AP/%
Precision/% Recall/% mAP/% Time/ms FPS Model 

Size/MB Parameter
Weed Vegetable

Standard 
Convolution 85.41 93.72 94.07 89.98 89.56 56.9 17.6 244 64,009,375

DSC 75.67 91.05 92.76 87.65 83.36 44.7 22.4 137 35,757,727

TABLE Ⅶ
COMPARISON OF DIFFERENT BACKBONES

Backbone
AP/%

Precision/% Recall/% mAP/% Time/ms FPS Model Size/
MB Parameter

Weed Vegetable

CSPDarkNet53 75.67 91.05 92.76 87.65 83.36 44.70 22.40 137.00 35,757,727

MobileNetV1 75.46 94.09 94.17 88.98 84.77 19.90 50.30 51.10 12,271,999

MobileNetV2 74.12 91.45 93.31 88.48 82.78 22.20 45.00 46.50 10,381,119

MobileNetV3 73.10 88.49 90.78 85.48 80.80 24.10 41.50 53.70 11,309,039

GhostNet 74.78 92.24 92.91 87.48 83.51 31.70 31.50 42.50 11,008,515

ResNet-50 83.81 94.43 92.84 90.98 89.12 36.80 27.20 127.00 33,261,183

VGG-16 86.15 95.80 94.23 92.65 90.98 63.00 15.90 89.90 23,517,567

DenseNet-121 84.67 95.06 93.52 91.49 89.86 41.50 24.10 61.90 16,018,879

	 As shown in Table Ⅵ, DSC reduces half of the 
parameters and computational cost in the whole  
network, but the mAP also has a big drop at the same 
time. Don’t worry, this will be improved through our 
proposed Dense-YOLO which is also based on DSC.

E.	 Backbone Improvement

	 To slim our network and keep high accuracy,  
we evaluate and compare the performances of different  
architectures as feature backbone. Besides MobileNets,  
GhostNet [44], ResNet-50, VGG-16 and DenseNet-121  
also participated in the comparison experiments. 
There are three major observations from Table Ⅶ:
	 1)	The situation is changed with different back-
bone-we can further reduce the total parameters by 
combining different feature extraction backbone. 
This indicates that the model size problem is well 
addressed in this operation, and we manage to obtain 
more accuracy gains from modified backbone.
	 2)	We also note that the number of parameters is 
not the decisive factor for precision, recall and mAP. 
A new network that trade-off accuracy and model 
size can be obtained from a suitable backbone. More  
importantly, the detection speed or FPS increased along 
with the reduction of parameters, this is significant  
for real-time models.
	 3)	Compared to the original YOLOv4 backbone 
(CSPDarkNet53), VGG-16 achieves the top-1 mAP 
90.98%, however other measures are not ideal. While 
DenseNet-121 not only performs better with 89.86 
mAP, but also has a lower parameter and faster  
detection speed. Because of this, we use DenseNet-121  
as the backbone of Dense-YOLO, so that the network 
parameters can be dramatically reduced to a quarter 

of the YOLOv4, while the FPS is increased by 6.5, 
and the mAP doesn’t drop down.

F.	 Focal Loss Test

	 As we discuss in class balance section, here we  
introduce Focal Loss into Dense-YOLO to see its  
effect during training.  Table Ⅷ is the results before and 
after using Focal Loss. This comparison successfully  
verifies the effectiveness of Focal Loss on imbalance  
dataset, we achieve 92.52% of mAP, a 2.66%  
improvement.

TABLE Ⅷ
COMPARISON OF USING FOCAL LOSS AND NOT

AP/%
Precision Recall mAP

Weed Vegetable

Traditional 84.67 95.06 93.52 91.49 89.86

Focal Loss 96.05 88.99 96.10 90.48 92.52

G.	 Comparison with SOTA

	 To demonstrate the superiority of Dense-YOLO, 
comparisons are made with other state-of-the-arts. 
We compared detection algorithms with different 
structures such as SSD, CenterNet [45], EfficientDet  
[46], YOLOv4-Tiny [47] and RetinaNet since we 
want to design another excellent structure. As shown 
in Table IX. Tests show that Dense-YOLO can  
substantially reduce model size and increase speed 
while maintaining the stability of mAP compared 
to original YOLOv4. YOLOv4-Tiny and Efficient 
Det-D0 can minimize model size and improve FPS, 
unfortunately, they also cause a huge decrease in 
mAP. Surprisingly, Dense-YOLO is 26.3% higher 
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in mAP than YOLOv4-Tiny, and compared to original 
YOLOv4, it is not only 7.26% higher in mAP, but also 
three-quarters of the parameters are removed and 6.1 
higher in FPS.
	 Why this proposed model can get the best result? 
The reasons can be attributed to the techniques we 
discussed above. MSRCP improves the quality and 
feature distribution compared to the original images. 

K-means++ makes the initial anchor size closer to 
most of the target objects. Class imbalance can be 
weakened through Focus Loss, thus the mAP has a 
further increment. Meanwhile, DenseNet-121 can 
deepen layers of the backbone network to fit the more 
complex model. While the use of DSC reduces the 
compute parameters and model size.

TABLE IX
COMPARISON WITH OTHER STATE-OF-THE-ARTS

Model
AP/%

mAP/% Time/ms FPS Model Size/MB Parameter
Weed Vegetable

YOLOv4 90.70 79.81 85.26 54.30 18.40 244.00 64,009,375

YOLOv4-Tiny 52.26 80.19 66.22 8.40 118.50 22.50 5,882,634

SSD 58.73 84.44 71.59 26.10 38.40 91.20 23,745,908

Center Net 69.90 89.16 79.53 32.60 30.70 125.00 32,718,597

Efficient Det-D0 75.18 92.51 83.85 36.40 27.50 16.10 3,875,723

Retina Net 61.23 82.78 72.00 86.40 11.60 138.00 36,350,582

Dense-YOLO 96.05 88.99 92.52 40.70 24.50 61.90 16,018,879

Fig. 7. Detection results from Dense-YOLO

V. CONCLUSION

	 For the needs of weeding robots or other  
embedded devices, this paper proposed a compacted, 
lightweight and speed detection method in terms of  
network structure, we term it Dense-YOLO. MSRCP  
algorithm is introduced to preprocess images to  
increase color contrast and remove dark regions.  
To lightweight the whole network, we replaced all 
353 standard convolution with DSC and achieved  
a noticeable effect in the parameter. We used k-means++  
algorithm to optimize the clustering of anchor size, 
instead of the traditional method. After extensive 
comparison analysis, we used DenseNet-121, PANet 
and SPP modules together to constitute the network 
of Dense-YOLO, a plug-and-play model for smart 
agriculture and is a portable neural architecture to  
promote weed detection in both flexibility and accuracy.  
In the end, we also demonstrated the effectiveness of 
Focal Loss in solving the class imbalance problem. 

We are pleased to present our encouraging results and 
will continue to focus on computer vision and neural 
network research in future work, such as the network 
pruning to further slim our model.
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