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A Method for Cucumber Fruit Recognition Under
Uniform-color Backgrounds

CAO Liying, LIU Yang, WANG Xilin*, ZHOU Hengyu, JIANG Donghui
(College of Information Technology, Jilin Agricultural University, Changchun 130118, China)

Abstract: Compared with a different-color backgrounds, recognizing and detecting cucumber fruits under uniform-color back-
grounds remains a key challenge due to limited distinguishing features and increased susceptibility to occlusion and background interfer-
ence. To address this, we propose YOLO-ACG, a detection network based on YOLOvI1n. An Adaptive Dynamic Downsample (A-
Down) module is introduced, combining deformable convolution and channel attention to achieve adaptive cross-scale feature sampling.
A Ghost_HGNetV2 architecture is designed, where the High-resolution Group Stem (HGStem) reduces input channels to extract effi-
cient intrinsic features, and the Ghost_HGBlock applies knowledge distillation to enhance feature representation. A Context and Spatial
Feature Calibration Network (CSFCN) network structure is introduced, which includes Context Feature Calibration (CFC) and Spatial
Feature Calibration (SFC). The CFC module aggregates context information relevant to each pixel, while the SFC module leverages cal-
ibrated spatial features to ensure accurate understanding of spatial layout the image. Together, they enable the network to more precise-
ly distinguish cucumber fruits from backgrounds with similar colors. Experimental results show that the improved model achieves 4. 64

percentage points increase in precision, recall by 5. 07 percentage points, F1 by 4. 89 percentage points, and mAP by 4. 48 percentage
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points. Ablation and comparative experiments confirm that YOLO-ACG significantly reduces false positives and missed detections, of-

fering effective technical support for cucumber fruits recognition in complex, uniform-color environments.

Keywords: feature extraction; YOLO; fruit identification; object detection
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Fig.7 Comparison of cucumber before and after testing
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Tab.5 Heterochromatic background contrast experiment
LAY P/ % R/ % F1/% mAP/ % Parameters/M FLOPs/G Inference/ms
YOLOvl1In 80. 58 78. 61 79.58 85.05 2.58 6.0 8.41
YOLO-ACG 85.35 84.17 84.75 88.27 3.59 8.8 11.73

25 LTk, YOLO-ACG BiRUFER T R 5 56
50 2 Koy R B 00 5 i R 4 e, L HAE
B A s B A A 1 S A T R R
MRFIEIX 35 BARE ML BE ST, i B A E AR T
e S SN, MR SR E RIS
HR ) SRS R AR T T S

3 HWiE

Ry AR SCAE A A R Y B
AFT 25 ) R S S5 ARG I PRI, A SC R B TRl i 5T
FESUB A SRR AR, $2 8 T —FP G YOLO-ACG
Bk, 5l HGStem FEHAE R M A M, 3T HG-
Stem 5 8} 2530 18 49 e 58 1% 22 R EE RRAE $E G T
WFIEZEI8S Ghost B FRIA 2L, 153 s R0 28
FRAEA %45, 51 CFC Ml SFC, B IEE RS F R X
Z [A] AN DE BCFTRRAE 45 5 % A UG A 25 1) 45 7
Sl RRZS RZE B R TR 2 ROE H ARk
FN RS R 8 7K TR s sk 2D T 338 B R A o
FH. YOLO-ACG A AE 2 IR S8 45 LX) b J AR
%, 76 P R Al mAP { B E T, mAP HEETHT
4. 64 NE S, A SRR SRR, Rk
TAES K240 YOLO-ACG Bk AH A, N
JIRSE A b A BB AL R A B LA I S 5
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