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Abstract: Wheat is a global food crop. Deep learning-based wheat head detection algorithm is helpful to simplify the
planting process, reduce the planting cost and improve the wheat yield. However, due to the diversity of wheat traits and
in-consistent growth cycles around the world, it is very important to build a detection model that can maintain high
robustness and high accuracy in various scenarios. A deep learning-based wheat head detection algorithm was proposed.
For the situation that domain data was scarce for wheat head detection, a semi-supervised pseudo label generation
algorithm was proposed to semi supervised label the unlabeled data and use it for model training to improve the
generalization performance in the new feature domain. In addition, in order to balance the speed and accuracy of wheat
head detection algorithm, a multi model fusion mechanism was designed to fuse the detection algorithms with different
characteristics. Finally, the open-source wheat head detection dataset was introduced and was used for algorithm
verification. The algorithm obtained an average accuracy of 95.2% on its validation set and 76.1% on the test set, which
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showed that the proposed algorithm had robustness to cross domain scenes and excellent detection performance.

Keywords: Object Detection; Semi-supervised Learning; Pseudo Label Learning; Agriculture; Deep Learning;
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SRR BSEAR AR AT U RIS, ATOORAFAEXS OB s 70 AT
[P0 W, (bias), PEREICIEA NIHE .
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s shat . X T RAEHAL, EfficientDet-D5 Y%k 80
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ke ZRd AR AR 75 2 H SGD LA Adam 12
VIRRALES, 150 107,

AR LI R 4 NG, Al AH 8:2
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(public leaderboard) #1 F A M| X 5 (private
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(mean average precision 50, mAP50).

YOLOvS5x HIPEREILIL L 1, EfficientDet-D5 ]
PERESLAL LR 2. MR 1~3 2 v DUEH, A8 A T
WsRTTVE (TTA) . PAFR2EIG5R (PL) . INAUHERL &
(WBF). ##aiase (Aug) #IXEHES L (Baseline)
PERESR T A B SR BUR

% 1 YOLOv5x HITERE AL,

Hix A TEE AT
Baseline 94.2 70.8
Baseline +WBF - 73.1
Baseline+TTA+WBF 75.9
Baseline+TTA+WBF+PL 76.0
%% 2 EfficientDet-D5 [P BEALAL
Hik AHBIFE AT
Baseline 92.2 69.7
Baseline+Aug+WBF - 71.5
Baseline+Aug+WBF+PL 73.4

# 3 ECCV-CVPPP H ke ZeVEReHE 4 LR Bk %

Bk A ISR AFEERE FAA WA
Topl1 - 77.4 68.9
Top2 77.4 68.7
Top3 77.2 68.3
Top10 76.8 67.3
Top20 - 76.4 66.8
ACEE 95.2 76.1 66.7
T A4 R CHEE S AL T BV E R R
Bk ZHBIOEER ATEMARE
YOLOV3 [49] 92.2 65.0
Fast R-CNN [31] 94.0 66.8
YOLOV4 [50] 93.4 65.6
AL 95.2 76.1
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EfficientDet-D5 f&ll Hik L RESE T, FHbAT AHhLe:
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A INBUERL & 5%, HoTHR 1.8%, PAbrsti Rtk
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