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Camellia oleifera Fruits Occlusion Detection and Counting in Complex
Environments Based on Improved YOLO — DCL
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(1. School of Electrical and Information Engineering, Hunan University of Technology, Zhuzhou 412007, China
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Abstract: To solve the challenges of detecting and counting Camellia oleifera fruits with multiple
occlusions in complex environments, a detection model was proposed based on a dual-backbone network
and a consecutive attention feature fusion module ( CAFF). The dual-backbone network combined the
advantages of two different backbone networks to achieve efficient extraction of different features. In
addition, a dual-input single-output CAFF module was designed. This CAFF module replaced the
traditional concat operation and optimizes the fusion strategy for multi-scale feature information. In order
to strike a balance between model precision and size, the ghost convolution ( Ghostconv) module was
used, and the spatial pyramid pooling fast (SPPF) layer was removed. It accelerated training time and
reduced the number of parameters. The improved YOLO dual-backbone & consecutive attention feature
fusion & lightweight (YOLO —DCL) model performed well on all kinds of occlusion detection tasks, with
a mean average precision ( mAP) of 92.7% , precision of 90.7% , and recall of 84.9% , while the
model size was only 5.7 MB. Compared with the YOLO v8n model, it increased 4. 0 percentage points of
mAP, 8.6 percentage points of precision, and 2.3 percentage points of recall. At the same time, the
model size was decreased by 9.5% . Besides, the model incorporated the ability to automatically count

Camellia oleifera fruits with occlusion categories, which can reduce labor costs and improve the accuracy
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of yield estimation. It was very suitable for deployment in complex environments.

Key words: Camellia oleifera fruits; occlusion detection; YOLO v8n; count; dual-backbone network;

feature fusion
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Fig.3  Camellia oleifera fruits occlusion classification
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Tab.2 Comparison of single backbone and dual-backbone

detection effects
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Tab.3 Optimization results of consecutive attention
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Tab.4 Lightweight design comparison results
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9T MASE P T TN E 3 3 ke o o A R K (A i
B 52 M, & A Grad — CAM ( Gradient-weighted class
activation mapping) # R X% YOLO — DCL 45 # it 17 37
fili o BRCHE IS AR Y X 3 2 SR U AR AN s 8 B
7N o AT PR TR B s IR ASE B T 322 Jr) T X3 G 1
FRRE P 2068 DB e 7n G TE R B e o i X 1Y
PO EAT DL B, A i 0 R A S T 2 B A AR T
GEHRMER T, FEOCHE X AL Hor i, mA
Y YOLO — DCL 88 AL 32 %27 55 ) A v AE i
ARSIy, W T XA S TR B e,
R, A SCT it B9 YOLO — DCL & 88 m] DL7EAR K
R BE | 2 A S A 0T A Y0 ) 5 i Aol HCAE 52 s o
HAT 5 iRy 0 92 A A AT S

» T R

(b) Bk
K8 Wik Rl SRR
Fig. 8 Grad — CAM of model before and after improvement
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Tab.5 Classification evaluation indicator results
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Tab.6 Comparison of detection effect of different models

FEIREEE KRR BRSO NG TR/

LAY
W/ % /% % #/MB %
YOLO v8n 88.7 82.1 82.6 6.3 82.3
YOLO v7 — tiny 85.7 76.7 83.6 12.3 80.0
YOLO v5s 88.5 83.0 81.2 5.3 82.1
YOLO r50 — csp 71.0 73.7 72.5 68.3 73.1
SSD 83.4 88.1 59.9 91.2 71.3
Faster R — CNN 81.1 76.3 91.4 108.2 83.2
YOLO - DCL 92.7 90.7 84.9 5.7 87.7
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Fig. 10 Comparisons of detection effect in different scenes
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