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ARTICLE INFO ABSTRACT

Keywords: Real-time object detection plays a crucial role in edge devices applications. Pruning methods are usually used
Object detection to effectively eliminate redundant parameters of the object detection network so that it can detect objects
Chalrmel pruning efficiently. However, traditional pruning methods often result in a significant drop in accuracy, requiring time-
Evolutionary

consuming fine-tuning to restore the accuracy of the network. To address this issue, we propose an evolutionary
channel pruning (ECP) method to reduce the redundant parameters in the network. Our proposed ECP method
effectively reduces parameter redundancy and computation complexity in object detection networks while
maintaining detection accuracy. Additionally, we introduce a novel Channel Information Mixing Convolution
(CIMConv) that leverages more cost-effective operations to achieve higher accuracy and reduce the complexity
associated with standard convolution. By applying our proposed ECP and CIMConv to the existing object
detection methods, we achieve a superior balance between accuracy and complexity compared to state-of-
the-art detectors. Notably, on challenging public datasets such as GTSDB, S’TLD, TT100K, Wider Face, and
Microsoft COCO, our proposed ECP substantially decrease the number of parameters and FLOPs of YOLOVS5,
simultaneously improving detection accuracy.

Channel information mixing convolution

1. Introduction automatically determine the appropriate number of channels for each
convolutional layer. Furthermore, the convolution operations used in
these architectures are either excessively complicated or restrict the

effective fusion of information across channels. With the emergence

Real-time object detection is a pivotal computer vision task [1-4]
with wide-ranging applications, including autonomous driving [5,6]

and multi-object tracking [7,8]. Currently, deep learning-based object
detection algorithms have shown powerful capabilities [9], with the
YOLO series emerging as one of the most popular frameworks. No-
tably, versions such as YOLOv5/6/7/8 [1,10-12], YOLOX [13], and
PP-YOLOE [14] have made significant advancements in achieving a
favorable trade-off between average precision (AP) and latency, making
them widely applicable in real-world scenarios. Despite the significant
progress achieved, it is inevitable that the convolutional layers of these
models contain redundant channels. In addition, utilizing standard
convolution (SC) ensures network accuracy but also introduces high
complexity. These redundancies not only limit the detection speed of
the network but may also lead to overfitting of the model [15].
Recently, researchers have proposed several efficient networks for
object detectors, such as YOLOv6 [10], YOLOv7 [11], and YOLOvV8
[12]. However, these structures are manually designed and cannot
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of Neural Architecture Search (NAS) [16], the discovery of superior
network architectures has become more feasible. Nonetheless, it is im-
portant to note that NAS requires substantial computational resources
and time costs. In addition, although depth-wise separable convolution
(DSC) and group convolution (GC) alleviate the computational burden
of convolutions, they constrain the inter-channel information mixing,
resulting in inferior network accuracy. Compressing lightweight object
detectors poses a significant challenge due to the relatively low re-
dundancy of parameters and operations in real-time object detection
networks and excessive compression can lead to a decrease in accuracy.

Previous works primarily focus on improving the accuracy of object
detection networks by proposing various modules, resulting in a large
number of parameters. They often overlook the importance of reducing
network complexity. In this paper, we propose a novel evolutionary
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channel pruning (ECP) technique to tackle the problem of suboptimal
channel allocation in convolutional layers. Our proposed ECP method
can efficiently identify excellent network architectures by adaptively
removing redundant channels in convolutional layers. Specifically, we
adopt the evolutionary search algorithm to rapidly determine the ap-
propriate number of channels in convolutional layers and evaluate
sub-nets with Adaptive Batch Normalization. Our proposed ECP method
enables fast and adaptive determination of channel numbers for each
convolutional layer and removes the unimportant channels. Moreover,
to alleviate the high complexity of SC, we introduce Adjacent Channel
Convolution (ACC) derived from OGC [17], which significantly reduces
the number of parameters and computations in convolutions. Based
on ACC, we address the limitations of SC by introducing Channel
Information Mixing Convolution (CIMConv), which not only reduces
computational costs but also enhances information fusion across chan-
nels. By replacing some convolutions with CIMConv in the network, we
achieve reduced complexity and improved accuracy. Additionally, we
have observed that CIMConv performs better in convolutional layers
with a larger number of channels. For instance, in YOLOV5, utilizing
CIMConv in the SPPF module maximizes its effectiveness. Because our
proposed ECP method and CIMConv are compatible, they can be added
to the different state-of-the-art object detection networks to reduce
the number of parameters and computations while improving the ef-
fectiveness. Extensive experiments on multiple datasets demonstrate
that the object detection networks with our proposed ECP method and
CIMConv (YOLOC), as shown in Fig. 1, significantly reduces the number
of parameters, achieving a better balance between network accuracy
and complexity.

The contributions of this paper are summarized in three folds.
Firstly, we propose a novel ECP method that enables the quick iden-
tification of excellent network architectures by allocating appropriate
channel numbers for convolutional layers. This approach effectively
reduces the number of parameters and computational costs while main-
taining detection accuracy. Secondly, we utilize a novel convolution
operation ACC to construct a lightweight convolution module called
CIMConv. By replacing SC with CIMConv, we not only reduce com-
putational costs but also facilitate information mixing across channels.
Thirdly, the proposed ECP and CIMConv can be added to the different
state-of-the-art object detection. The proposed ECP and CIMConv could
significantly reduce the parameter and computational complexity of the
object detection networks while maintaining high accuracy.

2. Related works
2.1. Real-time object detectors

Despite achieving high accuracy, two-stage object detection algo-
rithms [18-21] often suffer from issues such as high redundancy and
slow inference speed. To address these problems, YOLO [1,10-14,22—
25] has emerged as one of the most popular real-time object detection
algorithms. YOLO performs object classification and localization in
a single step, greatly enhancing detection efficiency and overcoming
the limitations of two-stage detection algorithms. In addition to the
YOLO series, other object detection algorithms such as SSD [26],
FCOS [27,28], and EfficientNet [29] offer their own distinct advan-
tages. Advanced real-time object detection algorithms typically demand
both faster speed and higher accuracy. Consequently, these methods
strive to achieve more efficient feature extraction and employ simpler
operations to extract richer features. In this paper, we propose new
optimization schemes to address the problem of redundant parameters
and operations in object detection algorithms, with the goal of achiev-
ing faster speed and higher accuracy for real-time object detection.
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Fig. 1. Comparison with other real-time object detectors, our proposed methods
achieve state-of-the-arts performance.

2.2. Network pruning

Network pruning is a promising technique to improve the effi-
ciency of deep neural networks, and it can be categorized into two
types: unstructured pruning [30,31] and structured pruning [32-40].
Unstructured pruning involves the removal of individual weights from
the network, which leads to a significant reduction in the number of
parameters. However, unstructured pruning often requires specialized
hardware or libraries to achieve actual speedup. By contrast, struc-
tured pruning removes an entire group of parameters, such as an
entire channel, which enables direct acceleration and makes it more
widely applicable. The effectiveness of pruning algorithms depends
on the choice of pruning criteria [32-36], sparsification methods [37,
38], and guiding strategies [39,40]. Recent works have proposed var-
ious pruning criteria, including magnitude-based [32,34], geometric
median-based [35], scaling factor-based [33], and rank-based [36].
Sparsification is essential to remove redundant parameters safely and
avoid significant accuracy degradation. MetaPruning [41] is a promis-
ing approach that trains a network to predict the weight values of
the pruned model. EagleEye [39] identifies the factors contributing to
substantial accuracy degradation after pruning and proposes Adaptive
Batch Normalization, which enables efficient evaluation of sub-net
accuracy and guides the pruning algorithm in discovering optimal sub-
nets. These approaches provide new insights into the design of efficient
neural networks.

2.3. Lightweight network

AlexNet [42] shows impressive feature extraction capabilities, but
its network complexity is extremely high. Subsequent networks in-
cluding VGG [43], ResNet [44], and DarkNet [24,25] adopt the SC
as a fundamental element in the architecture of their backbone net-
works. Although SC-based networks perform well, their large param-
eter sizes render them unsuitable for edge device deployment. In re-
sponse, researchers develop various lightweight networks including
MobileNet [45-47], ShuffleNet [48,49], GhostNet [50], and GSNet
[51], etc. MobileNet uses DSC to replace SC, albeit with a certain
degree of accuracy reduction. ShuffleNet introduces GC, which mixes
channel information within the group to mitigate accuracy reduc-
tion. GhostNet achieves enhanced feature extraction by sequentially
employing both SC and DSC. RepVGG uses a multi-branch structure
during network training to ensure model accuracy, and converts it
to a single-branch structure during inference, thereby accelerating the
inference speed. More recently, variants of these lightweight networks
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Fig. 2. The process of our proposed evolutionary channel pruning method.

emerge, such as GhostNetV2 [52] and RepGhost [53]. GhostNetV2
builds upon GhostNet by adding attention modules. RepGhost imple-
ments a hardware-efficient Ghost module via re-parameterization.

3. Methods

In this section, we first present a new evolutionary pruning method
to significantly reduce the number of parameters and computational
complexity while maintaining high accuracy. Then, we describe the
proposed channel information mixing method. Finally, we give the
implementation details.

3.1. Evolutionary channel pruning

The object detection network are typically large and complex, often
containing a significant number of redundant parameters. To effec-
tively eliminate these redundancies, pruning methods are commonly
employed. However, the traditional pruning method often results in
substantial accuracy degradation, requiring time-consuming fine-tuning
to restore the network’s accuracy. Moreover, fine-tuning and evaluating
a vast number of sub-nets with varying pruning rates is impractical
due to the high computational cost. Therefore, there is a need for a
more efficient pruning method that can identify and remove redundant
parameters while maintaining accuracy.

The previous channel pruning method [39] involved enumerating
a large number of sub-nets, followed by fine-tuning and selecting the
best-performing model. However, our proposed evolutionary channel
pruning approach adopts an evolutionary algorithm with a small set of
sub-nets to efficiently search the optimal sub-net, as shown in Fig. 2.
A sub-net is represented as an array where each element indicates the
number of channels in a convolution layer. In our evaluation technique,
we adjust the statistics of the BN layer instead of fine-tuning it for each
sub-net, which greatly reduces the time required. We only fine-tune the
top sub-nets obtained by the evolutionary algorithm.

Specifically, to handle the excessive number of sub-nets, we pro-
pose an evolutionary algorithm-based method to determine the op-
timal number of channels for each convolution layer. Our proposed
method is more specific than the enumeration method [39] and can
quickly converge to obtain excellent sub-nets. To overcome the time-
consuming fine-tuning process, we adopt Adaptive Batch Normaliza-
tion [39], which utilizes small batches of data to adjust the BN layer’s
mean and variance in the network. Compared with traditional pruning
methods, the proposed evolutionary channel pruning method is more
reliable and efficient that can quickly evaluate sub-nets and identify
networks with high accuracy.

3.1.1. Search for the number of channels

We construct an encoding [c;,¢,, ..., ¢, using the number of chan-
nels in each convolution layer of the network, where ¢; denotes the
number of channels in the ith convolution layer. In this way, every
encoding represents a sub-net. However, the number of possible en-
codings is extremely large, making it impractical to enumerate them
all. To efficiently search for high-accuracy pruning networks, we use
evolutionary search, which only requires a small set of encodings. By
evaluating these encodings and generating new ones, we can approach
the optimal network more purposefully and converge quickly.

Given a pruning convolutional neural network under the constraints
of the number of parameters or FLOPs, the problem can be formulated
as
,c,]* = argmin L (.A (cl,cz, RN w)) , s.t. F<C, e))

€14C05ee5C)

[cl,cz,...

where £ is the loss function; A is the convolutional neural network
model; / is the number of convolution layers of the network, and w is
the parameter value of the network. F is the number of parameters or
FLOPs corresponding to the sub-net after determining the number of
channels. C is the constraints of the number of parameters or FLOPs.
Our aim is to find the network with the minimum loss under the
constraints. The process of our proposed evolutionary channel pruning
method is shown in Fig. 3. We start by generating » random encodings
that satisfy the constraints and evaluate their corresponding sub-nets
for accuracy. Subsequently, the k sub-nets that exhibit the highest
accuracy are selected and subjected to mutation and crossover to obtain
new sub-nets. During the mutation process, some values of an encoding
are randomly changed, while crossover combines the values of two
encodings to create a new one. The sub-nets whose encodings do not
satisfy the parameter or computation constraints are removed from
the candidate sub-nets. By repeatedly selecting the k sub-nets with the
highest accuracy and generating new encodings through mutation and
crossover, we can efficiently obtain a pruning network that meets the
constraints while maintaining high accuracy. Our approach is more
efficient than exhaustively enumerating a large number of sub-nets.

3.1.2. Adaptive batch normalization
The BN layer in a convolutional neural network is used to normalize
the features. In this paper, the output of the BN layer is defined as

X—u
y=y———+F§, 2
Vol+e

where y and g are trainable scale and bias terms, respectively. ¢ is a
term with small value to avoid zero division. Given the batchsize N,
the statistics 4 and o2 in the BN layer can be calculated as

Nbps

3

A 1 .
0'2=D[X]=m2(x,~—,u)?

In the training phase, 4 and o2 can be calculated by moving mean
and variance:

He=mp,_; + (1 —m)f, 0',2 = motz_l + (1 — m)62, 4)

where m is the momentum coefficient, and ¢ is the iteration number.
The final values p; and 0'% are used in testing phase when the total
number of iterations is 7.

After pruning, the statistics 4 and ¢ used in the BN layer are ob-
tained from the original network structure. However, since the network
structure changes after pruning, these statistics 4 and o2 are no longer
appropriate and reliable. As illustrated in Fig. 4(a), in the original
network, the values of the three input nodes are A, B, and C, with
coefficients of 1, 2, and 3, respectively. Therefore, the output of this
layer is A+2B+3C. In the BN layer, assuming that the current value of
u being used is A+2B+3C, and then the result of x — i is 0. However,
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Fig. 4. Illustration of the differences of network output before and after pruning.

after removing one of the nodes, as shown in Fig. 4(b), the input of the
BN layer becomes A+2B. If the original y is still used, then x—u will be
—3C, and the output results will differ significantly from the original.
This is the primary reason for the significant drop in accuracy observed
after pruning.

Since the statistics of the BN layer are not suitable for the pruned
network, recalculating these statistics is necessary. To this end, we
freeze all parameters in the network and update x and ¢ using a small
batch of data based on Eq. (4), without performing backpropagation.
This step can be performed in a much shorter time than fine-tuning.
Once the BN layer statistics are adjusted, the model’s accuracy can be
largely recovered.

3.1.3. Our proposed evolutionary channel pruning

Our proposed evolutionary channel pruning method is summarized
in Algorithm 1. It can be iteratively applied, as illustrated in Fig. 5. This
iterative approach not only reduces the network to the desired size, but
also helps to mitigate the drastic drop in accuracy that may occur when
a large number of parameters are removed at once.

3.2. Channel information mixing

3.2.1. Adjacent channel convolution

SC typically involves a large number of parameters, which makes
it challenging to deploy in resource-constrained settings. To address
this problem, researchers often use variants such as DSC or GC, which
reduce the number of parameters. However, as the number of parame-
ters reduces, these approaches have difficulty giving truly satisfactory
results. In this paper, we introduce a new convolutional operation
called ACC to overcome the limitations of DSC and GC. Fig. 6 provides
visual illustrations of SC, DSC, GC, and ACC. SC can give highly

Algorithm 1 Evolutionary Channel Pruning Algorithm

Input: Number of Random Encodings: n, Constraints: C, Number of
Excellent Sub-nets: k, Number of Mutation: k,,, Number of Crossover:
k., Number of Iterations: N, Trained Model: A.

Output: Model after Pruning: A.

1: G, ={A, A,,...,A,} =Random(A),
s.t. F; = FLOPs(A;) < C;

¢ Gropk = TOPK(G)));

1Jj=0

while j < N do
Gt = (s Ao s A, ) =
Mutation(G,, ), s-t- F,,; = FLOPsS(A,,;) < C;

6 G = (A Ay A ) =

Crossover(Gy,,), s-t. ; = FLOPs(A,;) < C;

7 Gtttk = Gropk U Gk, U G5

8 Gropk = TOPK(Gpy, 44,5

9: ji=ji+1

10: end while

11: A = Topl(Gyop);

12: return A;

accurate results due to its ability to mix information across channels.
However, DSC involves independent convolution operations for each
channel, while GC limits information interaction to within a group. But
the proposed ACC not only ensures interaction between channels but is
also less complex than SC in generating the same number of feature
maps. OGC [17] unifies these convolutions, and ACC has the lowest
complexity among the convolutions capable of interacting channel
information in different groups. ACC has higher complexity compared
to DSC, but it gives a significant improvement in accuracy. In addition,
ACC mixes information on more channels with similar complexity as
GC, which combines every two channels.

3.2.2. CIMConv

In a typical convolutional neural network, spatial information flows
gradually to channel information as the backbone network processes
image data. However, when spatial information is compressed and
channel information is expanded, some semantic information is in-
evitably lost. SC keeps all input channels connected to the output
feature map, but DSC completely disconnects the output feature map
from the other input channels. Inspired by the structure of Ghost-
Net [50], we propose CIMConv based on ACC, as depicted in Fig. 7.
CIMConv aims to retain as many of the connections between the output
feature map and input channels as possible with a low time complexity
by using ACC. These connections are more efficient than those obtained
using GC. CIMConv combines SC and ACC to generate the output fea-
ture map, where SC is used for half of the output feature map and ACC
is used for the other half. To enhance the information interaction across
channels, we introduce Channel Shuffle, which interleaves the two
parts of the feature maps. Regarding the activation function, although
SiLU can lead to improved performance, ReLU is more efficient for
inference during model deployment.
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The time complexities of SC, DSC, GC, and CIMConv are as follows:

Timege ~O (W -H -K,, - K, - C;-C,),
Timepge ~O (W - H - K, -K,-1-C,),

C.
Timege ~O W~H~Kw~Kh~—’~Co>, ®)
g

5

. CO
Timecyprcom ~O |W - H - K, - K, - > (Ci+2)

where W and H represent the width and height of the output feature
map, respectively. K, and K, represent the width and height of the
convolution kernel. C; and C, denote the number of input and output
feature maps, respectively. Note that in GC, the number of groups is
represented by the g.

If CIMConv replaces all convolutions in the network, it significantly
increases the depth of the network, adversely affecting the inference
speed. Additionally, a larger number of channels facilitate better in-
formation interaction between channels. As the network deepens, the
channels become smaller but more in terms of quantity. Therefore,
using CIMConv at this stage is a better choice. The analysis in Eq. (5)
also demonstrates that replacing SC with CIMConv is more effective
when there are more channels.

3.3. Implementation details

We apply our proposed evolutionary channel pruning method and
CIMConv to YOLOV5-S and call the version with about 30% of the
original FLOPs YOLOC-N and that with about 80% of the original
FLOPs YOLOC-S. In addition, the SPPF of YOLOV5 contains the largest
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Table 1

The structure of a pruned network (Compress the FLOPs of YOLOvV5-S to a model that
is approximately 80% of the original.). The value before “/” is the pruned output
channels, and the value after “/” is the original output channels.

backbone

0 Conv(32/32)

1 Conv(64/64)

2 C3(32/32, 32/32, 64/64)
Bottleneck(32/32, 32/32)

3 Conv(120/128)

4 C3(64/64, 48/64, 128/128)
Bottleneck(56/64, 64/64, 64/64, 64/64)

5 Conv(248/256)

6 C3(128/128, 80/128, 232/256)

Bottleneck(112/128, 128/128, 96,/128, 128/128, 112/128, 128/128)
7 Conv(312/512)

8 C3(256/256, 216/256, 496/512)
Bottleneck(136,/256, 256/256)

9 SPPF(248/256, 512/512)

head

10 Conv(232/256)

11 Upsample

12 Concat

13 C3(128/128, 120/128, 184/256)
Bottleneck(72/128, 128/128)

14 Conv(80/128)

15 Upsample

16 Concat

17 C3(64/64, 64/64, 104/128)
Bottleneck(64/64, 64/64)

18 Conv(120/128)

19 Concat

20 C3(128/128, 88/128, 224/256)
Bottleneck(80/128, 128/128)

21 Conv(192/256)

22 Concat

23 C3(256/256, 208/256, 304/512)
Bottleneck(168/256, 256/256)

24 Detect(27/27, 27/27, 27/27)

number of channels in the network. Therefore, it is the ideal location
to replace SC with CIMConv in the SPPF. Since pooling operations at
different scales produce features with varying receptive fields, we em-
ploy another Channel Shuffle operation to further enhance their mixing.
Based on this, we propose the CIM-SPPF module, as depicted in Fig. 8.
The proposed module has fewer parameters, lower computational cost
than SPPF, and enables a more thorough mixing of information across
channels.

We use the Pytorch framework to implement the models. In the
context of the evolutionary search algorithm, a set of hyperparameters
is designated for sub-net optimization. Specifically, the number of
randomly generated encodings n is 200. The number of excellent sub-
nets selected during each iteration k is 40. In addition, the number of
new sub-nets generated using mutation and crossover is 100 for both
k,, and k.. The number of iterations N is 20.

In Table 1, we provide a pruned network that contains each layer
of the network, which follows the official configurations of YOLOvV5. In
convolutional layers and modules containing convolutions, we specify
the number of output channels. It can be seen that the network per-
forms less pruning in the shallow layers to preserve more information,
while in the deeper layers, only essential information is retained.

4. Experiments

To verify our proposed evolutionary channel pruning method and
CIMConv, we compare the results obtained by YOLOC against those
from state-of-the-art object detection algorithms on GTSDB [54], S*TLD
[55], TT100K [56], Wider Face [57], and Microsoft COCO [58] datasets
and perform the ablation experiments.
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4.1. Datasets

We conduct experiments using five datasets, namely GTSDB [54],
S2TLD [55], TT100K [56], Wider Face [57], and Microsoft COCO [58].
The GTSDB dataset, which consists of 600 training images and 300
testing images, has been widely used for traffic sign detection. It
is divided into four categories: prohibitory, mandatory, danger, and
other. The S?TLD dataset encompasses a total of 5786 images, com-
prising 1222 images with a resolution of 1080 x 1920 pixels and
4564 images with a resolution of 720 x 1280 pixels. The dataset is
categorized into four distinct classes, namely red, yellow, green, and
off. Subsequently, we randomly partitioned the dataset into training
and testing sets in accordance with a ratio of 7:3, respectively. The
TT100K dataset comprises 9176 images, encompassing 6105 training
images and 3071 testing images. Given the significant variance in data
distribution among diverse categories in this dataset, 45 categories with
sufficiently large data are selected for our experiments. The Wider Face
dataset includes 12876 training images and 3226 testing images of a
single category, i.e., face. The Microsoft COCO dataset is a vast object
detection dataset. We use 118287 images as the training set and 5000
images as the test set.

4.2. Evaluation metrics

The evaluation metrics include AP, 5, AP, F1, the number of param-
eters (Params), floating-point operations (FLOPs), and frame per second
(FPS). AP)5 is the average precision for all categories with accuracy
evaluation IoU thresholds at 0.5. Meanwhile, AP is the average preci-
sion with the IoU threshold taken in steps of 0.05 from 0.5 to 0.95. F1
is the harmonic mean of Precision and Recall.

4.3. Results on GTSDB

In this section, we evaluate the performance of our YOLOC-N and
YOLOC-S on the GTSDB dataset, and compare them with other famous
object detectors including Faster R-CNN [20], SSD [26], Cascade R-
CNN [21], YOLOv5 [1], YOLOX [13], YOLOv6 [10], YOLOv7 [11],
PP-YOLOE+ [14], and YOLOvVS8 [12]. In the experiments, we re-train all
the networks. Table 2 gives the values of quality of AP, AP, s, Params,
FLOPs and FPS for the object detection methods. From Table 2, we note
that our proposed YOLOC-N and YOLOC-S achieve the best complexity-
accuracy trade-off. Compared to YOLOV5-N, YOLOC-N increases by
2.81% AP, while requiring fewer parameters. YOLOC-S achieves the
best performance in terms of AP and AP, 5 and outperforms the base-
line YOLOV5-S on all metrics. YOLOC-S is more efficient, with 3.0M
fewer parameters, 3.7G fewer FLOPs, and 129.9 higher FPS compared
to PPYOLOE+-S, yet achieves a 2.19% higher AP. We also present a
typical detection result of the baseline model and our method in Fig. 9.
It can be seen that our YOLOC-S can reduce missed detections and false
detections in complex conditions, which demonstrates the effectiveness
of the proposed method.

4.4. Results on S’TLD

To validate the robustness of our proposed method, we conduct
experiments on the traffic light dataset S?TLD. The comparative re-
sults with other state-of-the-art methods are presented in Table 3. As
observed from the table, our model YOLOC-S achieves the highest
accuracy among all models while having a lower parameter count
and computational cost. Specifically, it outperforms the baseline model
YOLOV5-S by 1.96% on AP, 1.74% on AP,s and 12.8 on FPS, and
has 2.5M fewer parameters, 3.9G fewer FLOPs, and 12.8 higher FPS
compared to YOLOv5-S. On the other hand, YOLOC-N demonstrates
superior accuracy even with the lowest parameter count. It has 0.9M
fewer parameters than YOLOV5-N, and achieves higher AP and AP s
by 0.35% and 0.60%, respectively. Fig. 10 illustrates the better de-
tection results obtained from our proposed method, which further
validates its superiority.
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Table 2

Comparison on GTSDB dataset. The best results are boldfaced. The second-best results are underlined.

Model Size AP(%) AP, 5(%) Params(M) GFLOPs FPS
Faster R-CNN [20] 800 x 1333 82.44 96.82 33.1 110.2 27.0
SSD [26] 640 x 640 68.14 92.84 22.9 137.5 44.2
Cascade R-CNN [21] 800 x 1333 83.90 97.50 69.2 202.1 22.5
YOLOV5-N [1] 640 x 640 78.98 96.04 17 4.2 208.3
YOLOX-S [13] 640 x 640 80.00 92.81 8.9 26.8 51.8
YOLOV6-N [10] 640 x 640 80.95 97.16 4.3 11.1 158.2
YOLOv7-tiny [11] 640 x 640 82.93 97.56 5.7 13.1 131.6
PP-YOLOE+-S [14] 640 x 640 83.10 97.77 7.5 16.4 55.3
YOLOV8-N [12] 640 x 640 84.39 96.43 2.9 8.1 178.6
YOLOV5-S [1] 640 x 640 83.67 96.70 6.7 15.8 169.5
YOLOC-N 640 x 640 81.79 96.44 0.9 49 208.3
YOLOC-S 640 x 640 85.29 97.77 4.5 12.7 185.2

(a) YOLOV5-S (b) YOLOC-S

Fig. 9. Traffic sign detection results on the GTSDB dataset. YOLOC-S reduces missed detections and false detections.

Table 3

Comparison on S?TLD dataset. The best results are boldfaced. The second-best results are underlined.

Model Size AP (%) APys (%) Params (M) GFLOPs FPS
Faster R-CNN [20] 800 x 1333 56.77 88.66 33.1 110.2 29.2
SSD [26] 640 x 640 37.72 69.64 22.9 137.5 50.4
Cascade R-CNN [21] 800 x 1333 60.01 93.22 69.2 202.1 25.4
YOLOV5-N [1] 640 x 640 59.73 90.64 1.7 4.2 204.1
YOLOX-S [13] 640 x 640 51.78 88.03 8.9 26.8 63.5
YOLOV6-N [10] 640 x 640 57.49 89.55 4.3 11.1 147.5
YOLOv7-tiny [11] 640 x 640 58.11 91.06 5.7 13.1 158.7
PP-YOLOE+-S [14] 640 x 640 54.27 87.92 7.5 16.4 68.2
YOLOVS-N [12] 640 x 640 62.48 91.66 2.9 8.1 181.8
YOLOV5-S [1] 640 x 640 61.08 91.81 6.7 15.8 172.4
YOLOC-N 640 x 640 60.08 91.24 0.8 5.0 200.0
YOLOC-S 640 x 640 63.04 93.55 4.2 11.9 185.2

(a) YOLOV5-S (b) YOLOC-S
Fig. 10. Traffic light detection results on the S?*TLD dataset. YOLOC-S reduces missed detections.

Table 4

Comparison on TT100K dataset. The best results are boldfaced. The second-best results are underlined.

Model Size AP (%) APy5 (%) Params (M) GFLOPs FPS
Faster R-CNN [20] 640 x 1333 49.65 69.40 33.5 67.8 47.7
SSD [26] 640 x 640 48.00 75.58 28.1 146.5 54.2
Cascade R-CNN [21] 640 x 1333 55.63 72.26 69.3 120.3 42.9
YOLOVS5-N [1] 640 x 640 56.00 76.52 17 4.3 192.3
YOLOX-S [13] 640 x 640 61.22 80.91 9.0 26.9 64.5
YOLOV6-N [10] 640 x 640 58.75 77.88 4.3 11.1 158.5
YOLOV7-tiny [11] 640 x 640 62.43 82.69 5.8 13.5 128.2
PP-YOLOE+-S [14] 640 x 640 56.81 74.96 7.7 16.9 65.0
YOLOV8-N [12] 640 x 640 59.54 78.04 2.9 8.1 181.8
YOLOVS-S [1] 640 x 640 63.79 83.78 6.8 16.2 172.4
YOLOC-N 640 x 640 62.53 83.46 0.8 5.1 192.3
YOLOC-S 640 x 640 64.37 84.48 4.6 13.0 181.8
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(a) YOLOvV5-S

Fig. 11. Traffic sign detection results on the TT100K dataset. YOLOC-S reduces missed detections.

Table 5

Comparison on Wider Face dataset. The best results are boldfaced. The second-best results are underlined.

Model Size AP (%) APy5 (%) Params (M) GFLOPs FPS
Faster R-CNN [20] 736 x 1333 34.24 62.04 33.0 90.2 39.0
SSD [26] 640 x 640 27.07 52.56 22.5 136.9 54.0
YOLOVS5-N [1] 640 x 640 35.83 68.22 1.7 4.2 196.1
YOLOX-S [13] 640 x 640 41.21 72.26 8.9 26.8 67.2
YOLOV6-N [10] 640 x 640 34.78 65.29 4.3 11.1 152.2
YOLOV7-tiny [11] 640 x 640 37.85 71.84 5.7 13.1 149.3
PP-YOLOE+-S [14] 640 x 640 33.63 59.17 7.5 16.3 74.6
YOLOVS-N [12] 640 x 640 37.44 67.74 2.9 8.1 172.4
YOLOVS-S [1] 640 x 640 39.91 73.76 6.7 15.8 166.7
YOLOC-N 640 x 640 37.74 70.94 1.7 5.0 192.3
YOLOC-S 640 x 640 40.36 74.29 4.5 12.7 178.6

(a) YOLOV5-S

Fig. 12. Face detection results on the Wider Face dataset. YOLOC-S reduces missed detections.

4.5. Results on TT100K

To further validate the efficacy of the proposed method, experi-
ments are conducted on a distinct traffic sign dataset, TT100K. The
experimental results of our methods and other detection approaches
are presented in Table 4. From Table 4, we can see that our YOLOC-S
outperforms other methods in terms of AP and AP, s, while requiring
fewer parameters and FLOPs than SSD, YOLOv5-S, YOLOX-S, YOLOvV7-
tiny, and PP-YOLOE+-S. Specifically, YOLOC-S outperforms YOLOV7-
tiny by 1.94% and 1.79% in terms of AP and AP, s, respectively, while
reducing the number of parameters and FLOPs by 1.2M and 0.5G,
respectively. Moreover, even with mere 0.8M parameters, YOLOC-
N performs better on AP and AP,5 than SSD, YOLOV5-N, YOLOX-
S, YOLOv6-N, YOLOv7-tiny, PP-YOLOE+-S, and YOLOvV8-N. Fig. 11
presents detection results on the TT100K dataset. This experiment
further validates the effectiveness of our proposed method.

4.6. Results on Wider Face

To validate the effectiveness and robustness of our proposed
method, we conduct a comprehensive comparison with state-of-the-
art algorithms on the Wider Face dataset. The experimental results
are presented in Table 5. From Table 5, we can see that YOLOC-
S achieves satisfactory experimental results while having a smaller
number of parameters and computational costs. Compared to YOLOX-
S, YOLOC-S achieves comparable results but only requires half of
its number of parameters and FLOPs. Especially in terms of FPS,
YOLOC-S surpasses it by 111.4. Additionally, YOLOC-S outperforms
SSD, YOLOV5-S, YOLOvV7-tiny, and PP-YOLOE+-S on AP while requir-
ing fewer parameters and FLOPs. Similarly, YOLOC-N not only achieves

higher accuracy than SSD, YOLOv6-N, PPYOLOE+-S, and YOLOVS-N,
but also requires fewer parameters and FLOPs. Specifically, YOLOC-N
achieves a reduction of 1.2M parameters and 3.1G FLOPs compared
to YOLOV8-N, while showing an improvement of 0.3%, 3.2% and 19.9
on AP, AP,s and FPS, respectively. Fig. 12 provides some detection
results. These results demonstrate the effectiveness and efficiency of
our proposed method for object detection on the Wider Face dataset.

4.7. Results on microsoft COCO

To fully validate the efficacy of our proposed method, we compare
YOLOC-S with several state-of-the-art detectors on the Microsoft COCO
dataset. From Table 6, it can be observed that YOLOC-S achieves
the highest accuracy among competitors. YOLOC-S not only improves
on AP by 0.26% and AP,5 by 0.43%, but also improves on FPS by
11.1, based on the reduced number of parameters and computational
cost of the baseline YOLOv5-S. YOLOC-S outperforms YOLOvV8-N in
terms of AP and AP, 5 respectively by 0.33% and 5.00% while having
similar inference speeds. Additionally, YOLOC-S outperforms YOLOv7-
tiny on all metrics. Compared with YOLOv6-N, YOLOC-S is faster and
more accurate. This experiment shows the advantages of our proposed
method on large-scale datasets as well.

4.8. Ablation experiments on GTSDB

Table 7 gives the results of the ablation experiments conducted
on the GTSDB dataset. We choose YOLOV5-S as the baseline, and the
efficacy of the Evolutionary Channel Pruning and CIM-SPPF modules
is demonstrated by their incorporation. The highest-performing results
are achieved when both parts are employed simultaneously.
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Table 6
Comparison on Microsoft COCO dataset. The best results are boldfaced. The second-best results are underlined.
Model Size AP (%) APy5 (%) Params (M) GFLOPs FPS
YOLOV5-N [1] 640 x 640 28.04 46.18 1.8 4.5 185.2
YOLOV6-N [10] 640 x 640 36.20 51.83 4.3 11.1 138.9
YOLOv7-tiny [11] 640 x 640 37.45 55.22 5.9 13.7 153.8
YOLOVS-N [12] 640 x 640 37.32 52.56 3.0 8.7 175.4
YOLOV5-S [1] 640 x 640 37.39 57.13 6.9 16.4 161.3
YOLOC-S 640 x 640 37.65 57.56 5.4 13.2 172.4
Table 7

Effects of Channel Pruning (CP) and CIM-SPPF (C-S) in our method. This experiment uses YOLOV5-S as the baseline. Results
are reported on GTSDB dataset. The best results are boldfaced. The second-best results are underlined.

cP [ AP (%) APys (%) F1 (%) Params (M) GFLOPs FPS

83.67 96.70 95.55 6.7 (0.000% ) 15.8 (0.000%) 62.5

v 83.94 96.95 95.79 4.7 (-29.85%) 12.9 (-18.35%) 68.5

v 84.64 97.31 96.30 6.4 (—4.480%) 15.5 (—1.900%) 64.5

v v 85.29 97.77 96.69 4.5 (—32.84%) 12.7 (-19.62%) 69.9
Table 8

Effects of SC, GC, GhostNet method and CIMConv. Results are reported on the GTSDB dataset. The best results are boldfaced.

The second-best results are underlined.

Convolutional-block methods AP (%) APy5 (%) F1 (%) Params (M) GFLOPs FPS

SC 84.36 96.30 95.61 6.7 15.8 62.5

GC 83.12 95.92 95.26 6.1 15.3 65.8

GhostNet method 83.92 96.84 95.88 6.4 15.5 64.5

CIMConv 84.64 97.31 96.30 6.4 15.5 64.5
Table 9

Effects of Shuffle in CIM-SPPF (C-S) and CIMConv. Results are reported on the GTSDB dataset. The best results are boldfaced.

The second-best results are underlined.

Shuffle(C-S) Shuffle(CIMConv) AP (%) APys (%) F1 (%) Params (M) GFLOPs FPS
83.87 96.09 95.36 6.4 15.5 64.5
v 84.43 95.86 95.94 6.4 15.5 64.5
v/ 84.37 96.93 96.52 6.4 15.5 64.5
v v 84.64 97.31 96.30 6.4 15.5 64.5
Table 10
The results of different compression rates on the GTSDB dataset. The best results are boldfaced. The second-best results are
underlined.
Model AP (%) APy 5 (%) Params (M) GFLOPs FPS(CPU) FPS(GPU)
YOLOV5-S 83.67 96.70 6.7 (0.000%) 15.8 (0.000%) 6.8 (x 1.00) 116.3 (x 1.00)
84.96 97.27 5.2 (-22.39%) 14.0 (-11.39%) 7.0 (x 1.03) 117.6 (x 1.01)
85.29 97.77 4.5 (-32.84%) 12.7 (-19.62%) 7.3 (x 1.07) 122.0 (x 1.05)
84.83 96.87 3.8 (—43.28%) 11.1 (-29.75%) 7.8 (x 1.15) 126.6 (x 1.09)
YOLOC 84.71 97.07 2.8 (-58.21%) 9.7 (-38.61%) 8.5 (x 1.25) 129.9 (x 1.12)
84.26 96.84 2.0 (-70.15%) 8.2 (—48.10%) 9.6 (x 1.41) 133.3 (x 1.15)
83.58 96.98 1.4 (=79.10%) 6.5 (—58.86%) 10.8 (x1.59) 135.1 (x 1.16)
81.79 96.44 0.9 (-86.57%) 4.9 (-68.99%) 12.2 (x 1.79) 138.9 (x 1.19)

These experiments results demonstrate that the proposed method
yields significant improvements on the evaluation metrics of AP, AP5
and F1 by 1.62%, 1.07% and 1.14%, respectively, when compared
to the YOLOV5-S baseline. In addition, the number of parameters and
FLOPs of the proposed method are 32.84% and 19.62% less than the
baseline, respectively.

4.8.1. Evolutionary channel pruning

The proposed evolutionary channel pruning method is used to
reduce the number of parameters of YOLOv5-S. Table 7 shows that the
proposed pruning method improves the performance of the YOLOvV5-S
baseline by 0.27%, 0.25%, and 0.24% in terms of AP, AP,s, and F1,
respectively, while the proposed pruning method achieves a significant
reduction of 29.85% and 18.35% in the number of parameters and
FLOPs, respectively. These results validate the effectiveness of the
proposed channel pruning method in enhancing the performance of
real-time object detection.

4.8.2. CIM-SPPF

The original SPPF in YOLOvV5-S is replaced with CIM-SPPF, lead-
ing to improved channel-level information mixing and reduced model
complexity. Empirical results indicate that the use of CIM-SPPF leads
to higher AP, AP)5, and F1 scores for YOLOV5-S, with improvements
of 0.97%, 0.61% and 0.75%, respectively. Additionally, the number of
parameters is reduced by 4.48%, and the amount of FLOPs is reduced
by 1.90%. As presented in Table 7, the CIM-SPPF module outperforms
the original SPPF in channel-level information mixing.

4.8.3. CIMConv

We evaluate various convolution methods applied to the SPPF while
incorporating the Channel Shuffle operation to demonstrate the effec-
tiveness of the proposed CIMConv. The results, as presented in Table 8,
indicate that CIMConv outperforms the other three methods in terms
of AP, APys, and F1. Notably, CIMConv has lower parameters and
FLOPs than SC. To further validate the effectiveness of using Shuffle
in CIM-SPPF and CIMConv, we compare models both with and without
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the Shuffle operation in CIMConv and CIM-SPPF. As shown in Table 9,
the experimental results demonstrate a noteworthy enhancement in
the accuracy of the models when the Shuffle operation is introduced.
We think that the Shuffle operation effectively enhances the network’s
capacity to learn diverse feature representations by redistributing infor-
mation within the feature map. To summarize, the Shuffle operation
plays a pivotal role in CIMConv and CIM-SPPF, and its mechanism
for reorganizing information significantly boosts the accuracy of these
models.

4.8.4. Different levels of compression

Furthermore, we evaluate different levels of compression for
YOLOV5-S and present the results in Table 10. It is evident that reduc-
ing the number of parameters by over 70% does not result in decreased
accuracy. Moreover, with approximately 80% parameter reduction,
our method achieves comparable performance to the original network.
From the FPS metric, it can be observed that as the compression
ratio increases, our method indeed improves the inference speed. On
the CPU platform, our approach exhibits a 1.59-fold improvement in
speed while maintaining comparable accuracy levels. Notably, accuracy
exhibits an initial increase with increasing compression rates. However,
after a certain point, the accuracy decreases as the compression rate be-
comes excessive. We discover the existence of redundant parameters in
the network, and their removal has a regularizing effect that improves
the accuracy. However, removing too many parameters results in the
removal of critical parameters and, subsequently, a decline in accuracy.

5. Conclusion

In this paper, we propose a novel evolutionary channel pruning
technique and a lightweight convolutional approach, CIMConv. Our
proposed evolutionary channel pruning optimizes the number of chan-
nels in convolutional layers, while the CIMConv maintains low compu-
tational complexity and encourages channel information mixing during
convolutional operations. To verify the effectiveness of our proposed
evolutionary channel pruning and CIMConv, we add them to YOLOV5.
The results indicate that our proposed optimization strategies can
reduce the parameter count of YOLOv5-S by approximately 30% and
FLOPs by approximately 20%, while improving accuracy. The opti-
mized model, YOLOC, achieves state-of-the-art performance in balanc-
ing the accuracy and complexity of object detection networks. Our
future work will focus on extending our optimization strategies to other
networks and deploying our models on edge devices, while exploring
more advanced optimization techniques.
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