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Fig. 1 Carrot seedling image collection examples
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Fig. 2 Quantitative chart of carrot seedling occlusion coverage
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Table 1 Distribution table of carrot seedling dataset
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Fig. 3 CD-YOLO model architecture diagram
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Fig. 5 C3k2_EMA module
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Table 3 Results of ablation experiments for carrot seedling detection research
RIS e AT . Pl% RI% mAP, /% gf&%ﬁ HERI K /NMB K %}jm%ﬁﬁ
onv C3k2_EMA DynamicHead
1 X X X 78.2 74.9 81.6 21.5 19.2 14.3
2 N X X 79.8 73.6 81.4 14.8 13.8 11.5
3 X N X 78.7 77.1 82.9 21.3 19.2 11.7
4 X X N 79.9 76.7 83.7 21.5 19.8 12.3
5 N N X 79.7 74.5 81.7 14.7 13.9 10.6
6 N x N 790 749 81.8 15.0 14.4 9.8
7 N N 802  75.1 83.2 21.6 19.8 11.6
8 N N 812 764 84.0 15.3 14.4 9.6
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Fig. 6 Comparison of feature maps between C3k2 and C3k2_ EMA modules
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22 BEUETIKE

AR I DL B E CD-YOLO A FEREM 4, Xt Hi%
F= 1 0 2 5 HAth, 3 3 5 e AR AR 2 BB 3 T O 286 %o A
B R0 . 1% £ MobileNetv3 | ShufﬂeNetV2 S
EfficientVit ™ JFAE B0 28 X A5 R0 R 17 8 4,
YIZRAuEAH[R] W%Kﬁi?%ﬂ%ﬂ%,ﬂ%ﬁ
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Table 4 Comparison of different lightweight backbone network effects for carrot seedling detection

EA 4 Pl% RI% mAP, /%  THHE/GFLOPs  Z¥iE BEAII/NMB - k] Ak B[R] /ms
MobileNetv3 76.2 73.0 79.9 13.2 7.21X10° 16.9 14.6
ShuffleNetv2 73.0 72.3 77.8 10.4 5.34%10° 11.0 12.2
EfficientVit 76.0 74.5 79.7 14.6 7.39X10° 15.7 11.4
CD-YOLO 81.2 76.4 84.0 15.3 7.06 X 10° 14.4 9.6
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k421 b IEAl CD-YOLO BRI ZE B B8 B i L

K W AE 55 v e, A BF 5T K% CD-YOLO 5

SSD | HE AR EL T X B 5 B 25 W 4% (Faster

Reigon-Based Convolutional Neural Network, Faster-

RCNN) “7 | YOLOv5s ™ | YOLOv8s ' | YO-

LOv1ls &5 3 Jii H A5 A& I #1 24 F1 YOLOV8s-P2,

DWG-YOLOVS ™', HAD-YOLO 255 3 14 i #6:01
BEAIHEAT 7R b, g Rk 5 s,
*5 #HAE MERNH R AEERIERR

Table 5 Comparison results of different models for carrot seed-

ling detection research

ARG ATVAR: ¥l NIt QLD
GFLOPs /NMB B A] /ms

B

e

PI% R/I% mAP, /%

SSD 63.5 81.4 72.2 63.5 90.5 36.6
Faster R-CNN 69.1 84.5 77.7 142.6  108.1 1133

YOLOvSs  80.2 73.9 80.5 16.2 15.1 14.2
YOLOvV8s  79.1 74.8 81.6 49.1 22.5 9.8
YOLOvlls 782 749 81.6 21.5 19.2 14.3
YOLOvVS8s-P2 793 744 81.5 553 24.8 10.7
DWG-YOLOv8 78.2 73.2 82.0 17.4 14.7 10.5
HAD-YOLO 779 743 81.1 354 12.5 19.3
CD-YOLO 812 76.4 84.0 15.3 14.4 9.6
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G118, 6.3, 3.5, 24, 24, 25, 2.0, 291 H
53 4.5 IRl B CD-YOLO 78 5 & b #5570 F H A A
A, BRI NI/ T AR ZHOR, H A BRI/
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BN AT S .
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SRR BRG] 8 DL AR Ak B3 R PE, AR
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R SR IE 2 T ERHEM . S BALE N A
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FIa R, FEANFEDEIRAME T, 6 R B AR A 5 30
Bk — o SO E(E B, 1 CD-YOLO i F 5l
AN EMA iy, 3858 7 22 ]ROBERRAF SR B, o 52 AR
b SrEE A B AR A BRI RE T, It
CD-YOLO 7EAR A SRS F T B B bz I 40 & 20 1
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255, M YOLOv11s X RUBEH /N HARIEAS B o i H
FRICIESERTM, SBURRIHELL: . HAKE,
CD-YOLO 7EA[A] 345 0F . ARG BT Al
BOR S, SRR N EETIEEENA
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PALRE S . BRI, XSS B RS R A HE
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c. DWG-YOLOVS il i & # 31

B7 FARABELERY KK ey ORIk
Fig.7 Comparative results of different models on the carrot seedling test set
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F, BRI R I 3 E  RI AE 4y S E
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Table6 Comparative results of YOLOv11s and CD-YOLO per-
formance across different test subsets

M7 4R A EUREE  PI%  RI%
YOLOvl1ls 357 78.7 76.3 77.6

mAP, /%

WAL
CD-YOLO 357 798  78. 79.4
i YOLOvils 122 759  7LI1 75.5
LSS N
CD-YOLO 122 796 751 80.6
_ YOLOvils 479 789 747 76.9
RN

CD-YOLO 479 79.7 76.2 79.9

LOv11s #1 CD-YOLO My AERA £ T4k, ik
ZERMNFE TR

2 HE AT YOLOv s I iR 5k 315, IEAf 1A 51
B 10337, T 1R R RN I R 4 5O 19.1% A
80.9%. M5 CD-YOLO JiiR%h 221, 1EMAIRI
BOoA 1431, T ORI 5 0 R 13.4%
86.6%, AHILFEBIRIIGINETRET 5.7 EH 3w H
PEATAT, 2l 5 CD-YOLO R 75 38 14 T 42 50 I
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%7 YOLOv11s 5 CD-YOLOEH &S THE MEKR MK
Rttt
Table 7 Comparison of carrot seedling detection performance
between YOLOv11s and CD-YOLO under occlusion conditions

" HAbRrd  EFR W o e

BLAY B mE gy DO W%
YOLOvIls 1652 1337 315 80.9 19.1
CD-YOLO 1652 1431 221 86.6 13.4

T TR AU R ARG 5 T 5 4 YOLOv s, 7EiEPY
M R L A R P A R

PRI A3 PR X Fe ] 8 /R o &l 8b AT
Hl, YOLOVIIsFEMEPY 51 T 5 s IR 4, 4¢
MEZHBESER T, R ™ H, JRH
i YOLOV 1 1s T i T B8 A R A1E A5 2 B2 Jm 8 56
HERRAE, JoUR oS i 5 AR OCHER 7, HANRE

5 e

Iy ER AR, S ECCIE SR A RRIE B ARG T
M, WELE 8c K P, CD-YOLO AR X BERY 44
(A B8 N AT DA S B A A DU g R, il a5 A
C3k2_EMA #i 3 5 DynamicHead Z5 44, 575 {1 42 fiF
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A UL A LR AT e B ECELAT 0 50 00 R AR . [
B}, DynamicHead i i< F i WA E fill-A A [A] R 1)
FRIEREL, MhsR TR 2 ROE R SUE B A
F1, IR B AR B S B RE A% 25 A R AT L 43
SR LT SCE B TR, E P R AR
CD-YOLO B A 4 55 14 N ATy B AL 4 £ H Ar Y
AT RFAE RO AE R i LT YOLOw s
A,

c. CD-YOLO ffm| £

ER P EAEHAEMAE, L EAE K A B AR

B8 YOLOvllsk CD-YOLO £ 44+ T4 | tml 2 R 2 pk
Fig. 8 Comparison of carrot seedling detection performance between YOLOv11s and CD-YOLO under occlusion conditions
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Fig. 9 Visual comparison of heatmaps between YOLOv11s and CD-YOLO models
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Table 8 Frame rate comparison between YOLOv11s and CD-
YOLO models on different devices

AT /s
LAY AR NGHI1R%  TensorRT
YOLOvlls 89.6 10.5 29.7
CD-YOLO 104.2 12.9 32.5

M %2 8 A1, 7F TensorRT W Z /i, T4
I A A IR, AbBEEE TC S TR A b, 5K
ARG I R A, R 12.9Wi/s, i 2 J5 i a4
2] 32.5Mi/s, Kl BT 2,505, Mok & bR
IR E]30.7 ms,

¥ YOLOv11s Fl CD-YOLO # % 35 & T Jetson
Orin NX ZJ&, RHLEEREA S b Il 4E BUR 1T
M, SRR E IE R BRI TR,
ZERINFE PR

9 JEIR T ALY S A IS AE F DS 8 D i R R
s BRI Bl . AE B AR BBk 492 1 L Eiai
e, B RT YOLOVI s B IR A 63, 1R
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%9 YOLOv11s5CD-YOLOa%i%k L#AE b E# MR 3T LL
Table 9 Comparison of carrot seedling detection performance between YOLOv11s and CD-YOLO on edge devices

f HeRmsur WA ESBES R PR TR /% TEE A
YOLOvll1s 492 453 429 63 24 12.8 53
CD-YOLO 492 480 467 25 13 5.1 2.7

24, ﬁﬁ%ﬂﬁi%ﬁ%ﬁugmmm%oﬁL T B W a3 4F F, CD-YOLO £ T i
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Fig. 10 Comparison of carrot seedling detection performance between YOLOv11s and CD-YOLO on edge devices
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Fig. 11 CD-YOLO performance in carrot seedling detection under severe motion blur
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Abstract: [Objective] In field environments under natural conditions, leaf occlusion and mutual plant shading pose significant challeng-
es to the accurate identification of carrot seedlings. Furthermore, practical agricultural applications often rely on edge devices with
limited computational power, necessitating a detection model that combines lightweight design, high accuracy, and robust anti-occlu-
sion capability. The purpose of this research is to develop a robust recognition method for carrot seedlings suitable for complex field
conditions, thereby enhancing the accuracy and efficiency of seedling emergence statistics in automated seedling raising processes and
providing reliable technical support for precise farm management. [Methods] The CD-YOLO (Carrot Detection-You Only Look
Once), a lightweight detection model was proposed based on an improved YOLOv11s. First, to reduce model complexity, several stan-
dard convolutions in the backbone network were replaced with depthwise separable convolutions (DWConv), thereby decreasing float-
ing-point operations (FLOPs) and the number of parameters, establishing a lightweight foundation for edge deployment. Secondly, the
efficient multi scale attention (EMA) mechanism was embedded into the critical feature extraction module C3k2, constructing a
C3k2 EMA module. This module enhanced dynamic perception of local key features and reconstructed cross-scale contextual depen-
dencies broken by occlusion through its parallel multi-branch structure, effectively suppressing background and occlusion noise. Final-
ly, the DynamicHead detection head was introduced. Leveraging its scale-aware and spatial-aware mechanisms, it achieved a dynamic
fusion of multi-level features and adaptive weight adjustment, further improving the model's decision-making robustness in complex
scenes. To comprehensively evaluate model performance, a carrot seedling dataset covering various field scenarios was independently
constructed. Through offline data augmentation, the original 1 274 images were expanded to 4 796, which were then split into train-
ing, validation, and test sets in an 8:1:1 ratio. Meanwhile, to systematically quantify the model's anti-occlusion performance, an occlu-
sion severity assessment criterion based on the overlapping area of bounding boxes was proposed. Targets were categorized into three
occlusion levels: mild, moderate, and severe. Based on this, a dedicated "Occlusion Test Subset" was separated from the main test set,
providing an objective and reproducible benchmark for evaluating the model's anti-occlusion capability. [Results and Discussions] Ex-
perimental results on the custom dataset demonstrated that CD-YOLO comprehensively improved detection performance while
maintaining its lightweight characteristics. Compared to the baseline model YOLOvl1ls, CD-YOLO reduced computational load
by 6.2 GFLOPs (a 28.8% decrease), decreased model size by 4.8 MB (a 25.0% reduction), improved single-image inference speed by
4.7 ms, reaching 9.6 ms. Concurrently, precision, recall, and mean average precision (mAP,;) increased by 3.0, 1.5, and 2.4 percentage
points, respectively, ultimately reaching 81.2%, 76.4%, and 84.0%. In comparisons with other lightweight backbone networks like Mo-
bileNetv3 and ShuftleNetv2, CD-YOLO consistently outperformed them on the accuracy-speed comprehensive metric, validating the
effectiveness of its improvement strategies. In occlusion performance tests, the missed detection rate of CD-YOLO on the occlusion
test subset was 13.4%, a 5.7 percentage points decrease compared to YOLOv11s. Its mAP,, on the occlusion subset reached 80.6%, a
5.1 percentage points improvement over the baseline, whereas the improvement on the regular subset was 1.8 percentage points, prov-
ing the model's enhanced efficacy in occlusion scenarios. After deploying the model on an NVIDIA Jetson Orin NX edge device and
accelerating it with TensorRT, the inference frame rate increased to 32.5 f/s. On random test images, CD-YOLO achieved missed de-
tection and false detection rates of 5.1% and 2.7%, respectively, representing decreases of 7.7% and 2.6% compared to YOLOv11s,
demonstrating promising practical application potential. Ablation studies and feature map visualizations further indicated that DW-
Conv, C3k2 EMA, and DynamicHead formed a synergistic optimization loop: DWConv achieved computational compression, freeing
up computational budget for subsequent modules; C3k2 EMA enhanced local perception and contextual reconstruction of occluded
targets during the feature extraction stage; and DynamicHead performed dynamic fusion of multi-scale features at the decision-making
end. Together, they ensured high-precision detection of incomplete targets under limited computational resources. [Conclusions]
Through the synergistic design of "lightweighting, feature enhancement, and dynamic fusion", the CD-YOLO model achieved an ex-
cellent balance between computational efficiency, detection accuracy, and anti-occlusion capability. The model not only significantly
reduced reliance on the computational power of edge devices but also effectively improved robustness and adaptability in complex
field environments through structured attention and dynamic fusion mechanisms.
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