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YOLOV4 Lightweight Detection Method Based on CBAM
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!(Changchun Institute of Optics, Fine Mechanics and Physics, Chinese Academy of Sciences, Changchun 130033, China)
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Abstract: Object classification and detection algorithms based on deep learning will greatly improve understanding capabilities when
applied to UAV vision,but the amount of model parameters and calculations are too huge to apply to mobile or embedded platforms.
This paper investigated the feasibility and accuracy of a new lightweight real-time detection model with main reference model used
the Yolov4 model network and MobileNet replaced the backbone network, as well as CBAM attention mechanism and Soft-NMS
post-processing strategy. The PASCAL VOC data set was utilized to test the proposed lightweight YOLOv4 model. The results
showed that the parameter amount was only half of the original model and the speed fps was increased by 26.48 just with 0.52%
reduced mAP. After the model is deployed on the Nvidia Jetson TX2 low-power system, its fps has reached 21.8, which is 4.74 times
that of the original Yolov4. The algorithm is applied to the embedded platform of the drone, which benefits to real-time recognition
and positioning of vehicle targets in the aerial view.

Key words: UAV imagery; Yolov4; MobileNet; CBAM; Soft-NMS
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Table2YOLOv4 network lightweight before and after comparison

Model Total params mAP FPS(GPU) GPU  time(s)
Yolov4 64.0M 89.21 48.33 0.0279
Slim Yolov4 14.4M 85.41 76.45 0.0195
Mobilenetv1-Yolov4 12.7M 87.11 79.37 0.0125
Mobilenetv2-Yolov4 12.9M 84.26 64.41 0.0160
Mobilenetv3-Yolov4 13.7M 86.08 57.80 0.0173

R 3 ARSCHEAC AR T & B B B R 0t Le

Table3 Comparison of models in each stage of the algorithm optimization process in this paper

Architecture Total params mAP FPS(GPU) GPU  time(s)
Yolov4 64.0M 89.21 48.33 0.0279
Yolov4+MobileNet 12.7M 86.11 79.37 0.0125
Yolov4+MobileNet+CBAM+NMS 13.5M 88.19 74.81 0.0132
Yolov4+MobileNet+CBAM+Soft-NMS 13.5M 88.69 74.81 0.0132
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Fig.8(a)Comparison of the mAP. Left The mAP of the MobileNet-Yolov4 algorithm Right The mAP of the improved algorithm;

(b) Comparison of false detection rates. Left False detection rate of MobileNet-Yolov4 algorithm Right False detection rate of improved

algorithm
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Fig.9 Detection and segmentation results obtained by different algorithms under different shooting conditions
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Table 4 Comparison between the model in this paper and the t

arget detection model in recent years

Model mAP FPS(GPU) GPU  time(s)
YOLOV2 67.40 22.05 0.0451
YOLOV3 75.44 66.89 0.0149
YOLOv4 89.21 4833 0.0279

Faster RCNN 77.87 21.71 0.0496
ARAAY 86.08 57.80 0.0173

% 5 NVIDIA Jetson TX2 ) R SRR R
Table 5 NVIDIA Jetson TX2 system specs and software



Parameter Value
GPU 256 core NVIDIA Pascal™ GPU
nF 8GB 128-bit LPDDR4 and 32 GB eMMC memory
Rt 50mm x 87mm
CPU HMP Dual Denver 2/2 MB L2+

Quad ARM® AS57/2 MB L2

OS Linux for Tegra®

K 6 Raspberry Pi 4B [115 ZE USRI A+

Table 6 Raspberry Pi 4B system specs and software

Parameter Value
SOC Broadcom BCM2711
R~ 56mmx*85mm
CPU 64-fi1 1.5GHz PU#%
GPU 500 MHz VideoCore VI
A7 1 -4GB DDR4
KRR 4K 60Hz+1080p B% 2*4K 30Hz

% 711 Nvidia Jetson TX2 1 Raspberry Pi [¥] FPS

Table 7 The FPS using Nvidia Jetson TX2

Model FPS(Nvidia Jetson TX2) FPS(Raspberry Pi)
YOLOv4 4.6 2.0
AIRE 21.8 8.5

B R

B 11 T NSRS AU AT S F Arsr I (4 45 2R
Fig.11 Target detection and insance segmentation on images

collected by drones

4 REERE

ASCHR T CBAM Ll 1) MobileNet-Yolov4 52 H 4
K%, %64 MobileNet #4#y Yolov4 1) E+M%Z, 3 BF
H1 MobileNet o EIEREE AT 73 B BB, #F YOLOVA Hr B 73 b
HEG B HOIRFE AT 7 - 4 RALE MobileNet- YOLOv4
R, B RN BRUER LG CBAM i T B B4 N 26
HRHEE A R RHE: F Gl I Soft-NMS 5 80t AR T

RGNS NMS 5925 5 B0 55 SR 1R B AH ST AR A ] 7L o
IRZAE PASCAL VOC #dlifk EryIik4s R, R SFIRAE fRIE
DREFERITTAR T, AROUREE T S HEME L, BlEEA T
KIEFERISRTE o 1A M TR 500 & BT S Re UM A A 55 BH A
BREGTENIRA RN G L, 15T ANLRE G LET 1 H Rt A7 5k
IR0, S AL B RE ST, T2 B T I AHURS I AN
PRERAEAM . SHIREMAT VIR RE B Uk L L2 K fdk . Lab A

GASECE VAR

5300

[1] Volpi M,Tuia D.Dense semantic labeling of sub-decimeter
resolution images with convolutional neural networks[J].IEEE
Transactions on Geoscience & Remote Sensing,2016,55(2):881-893.
[2] Wu C,Du B,Cui X,et al.A post-classification change detection
method based on iterative slow feature analysis and Bayesian soft
fusion[J].Remote Sensing of Environment,2017,199:241-255.

[3] Kopsiaftis G,Karantzalos K.Vehicle detection and traffic density
monitoring from very high resolution satellite video data[C]/
Geoscience & Remote Sensing Symposium,IEEE,2015:1881-1884.
[4] Wang C Y,Liao H,Wu Y H,et al. CSPNet:a new backbone that can
enhance learning capability of CNN[C]/IEEE/CVF Conference on
Computer  Vision and  Pattern Workshops
(CVPRW),IEEE,2020:390-391.

[5] Iandola F N,Han S,Moskewicz M W.,et al.Squeezenet:

Recognition

alexnet-level accuracy with 50x fewer parameters and <0.5MB
model size[J].CoRR,2016:2,arXiv:1602.07360.

[6] Howard A G,Zhu M,Chen B,et al.Mobilenets:efficient
convolutional neural networks for mobile vision
applications[J].CoRR,2017,arXiv:1704.04861.

[7] Sandler M,Howard A,Zhu M,et al. Mobilenetv2:inverted residuals
and linear bottlenecks:mobile networks for classification,detection
and segmentation[J].CoRR,2018,arXiv:1704.04861.

[8]Howard A,Sandler M,Chu G,et
MobileNetV3[C]//IEEE Conference on Computer Vision and Pattern
Recognition(CVPR),2019:1314-1324.

[9] Zhang X,Zhou X,Lin M,et al.Shufflenet:an extremely efficient

al.Searching for

convolutional neural network for mobile
devices[J].CoRR,abs/1707.01083,2017:6848-6856.

[10] Gupta S,Girshick R,P Arbeldez,et al.Learning rich features from
RGB-D images for object detection and segmentation[J].Springer
International Publishing, 2014:345-360,
doi:10.1007/978-3-319-10584-0_23.

[11] Girshick R.Fast R-CNN[C].IEEE International Conference on

Computer Vision,2015.



[12] Ren S,He K, Girshick R, et al.Faster R-CNN: towards real-time
object detection with region proposal networks[J].IEEE Transactions
on Pattern Analysis and Machine Intelligence,2017,39(6):1137-1149.
[13] Dai J,Li Y,He K,et al.R-FCN:object detection via region-based
fully convolutional networks[J].Advances in Neural Information
Processing Systems,2016:379-387,arxiv:1605.06409.

[14] Kaiming H,Georgia G,Piotr D,et al.Mask R-CNN[C]/IEEE
Transactions on Pattern Analysis & Machine Intelligence,2017,45(2):
386-397,arXiv:1703.06870.

[15] Bochkovskiy A,Wang C Y,Liao H.YOLOv4:optimal speed and
accuracy of object detection[C]/IEEE Conference on Computer
Vision and Pattern Recognition(CVPR), 2020,arXiv:2004.10934.
[16] Liu W,Anguelov D,Erhan D,et al.SSD:single shot MultiBox
detector[J].European Conference on Computer
Vision,2016:21-37,d0i:10.1007/978-3-319-46448-0_2.

[17] Lin T Y,Goyal P,Girshick R,et al.Focal loss for dense object
detection[J].IEEE Transactions on Pattern Analysis & Machine
Intelligence,2017:2980-2988,arXiv:1708.02002.

[18] He K,Zhang X,Ren S,et al.Spatial pyramid pooling in deep
convolutional networks for visual recognition[J].IEEE Transactions
on Pattern Analysis & Machine Intelligence,2014,37(9):1904-1916.
[19] Chen L C,Papandreou G,Kokkinos ILet al.DeepLab:semantic
image segmentation with deep convolutional nets,atrous
convolution,and fully connected CRFS[J].IEEE Transactions on
Pattern Analysis and Machine Intelligence,2018,40(4):834-848.

[20] Songtao Liu,Di Huang,et al.Receptive field block net for
accurate and fast object detection[C]//Proceedings of the European
Conference on Vision
(ECCV),2018:385-400,arXiv:1711.07767.

[21]Jie H,Li S,Gang S,et al.Squeeze-and-excitation networks[J].IEEE

Machine

Computer

Transactions on Pattern

Intelligence,2017:7132-7141,arXiv:1709.01507.

Analysis and

[22] Wang Q,Wu B,Zhu Pet al. ECA-Net:efficient channel attention
for deep convolutional neural networks[C]//IEEE/CVF Conference
on Computer Vision and Pattern Recognition
(CVPR),IEEE,2020,arXiv:1709.01507.

[23] Woo S,Park J,Lee J Y,et al.CBAM:convolutional block attention
module[J].Springer,Cham,2018:3-19,arXiv:1807.06521.

[24] Neubeck A,Gool L.Efficient Non-maximum suppression[C]/
International Conference on Pattern Recognition.JEEE Computer
Society,2006:850-855,doi:10.1109/ICPR.2006.479.

[25] Bodla N,Singh B,Chellappa R,et al.Soft-NMS-improving object
detection with one line of code[C]//Proceedings of 2017 IEEE
International Conference on Computer Vision, Venice,ltaly, 2017:
5562-5570,arXiv:1704.04503.

[26] Selvaraju R R,Cogswell M,Das A.,et al.Grad-CAM:visual
networks  via

explanations  from  deep gradient-based

localization[J].International Journal of

Vision,2020,128(2):336-359.

Computer

[27] Russakovsky O,Deng J,Su H,et al.Imagenet large scale visual

recognition  challenge[J].International ~ Journal of Computer

Vision,2015,115(3):211-252.
[28] Lin T Y,Maire M,Belongie S,et al.Microsoft COCO:common
Conference on

context[C]//European Computer

Publishing,2014:740-755,doi:

objects in
Vision.Springer International
10.1007/978-3-319-10602-1.

[29] Everingham M,Eslami S M A,Van Gool L,et al.The pascal visual
object classes challenge:a retrospective[J].International Journal of
Computer Vision,2015,111(1):98-136.

[30] Zhuang L,Li J,Shen Z.et al.Learning efficient convolutional
network  slimming[C]//IEEE International

networks  through

Conference on Vision

(ICCV),2017:2736-2744,arXiv:1708.06519.

Computer



