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Performance Opti}nization of Object Detection Algorithm Based on Key-value Attention
Mechanism

ZHANG Zheng-Xin, ZHANG Du-Zhen
(School of Computer Science and Technology, Jiangsu Normal University, Xuzhou 221116, China)

Abstract: With the widespread application of the attention mechanism in object detection, further enhancing the feature
extraction ability become the focus of research. A novel attention mechanism is proposed to optimize the feature
interaction process and enhance the detection performance. The mechanism eliminates the query oﬁerétion in traditional
self-attention. It employs depth-separable convolution to efficiently extract both %‘ocal and globalsinformation and realizes
feature aggregation through the weighted fusion of keys and values. The method effectively reduces the computational
complexity and enhances the model’s ability to capture important fée}tures. Through validation on five different types of
datasets, the experimental results demonstrate that the attention mechanism exhibits excellent performance in handling
small target detection, occlusion processing, and complex scenes, significantly improving detection accuracy and
efficiency. Visual analysis further verifies its effectiveness in feature extraction.
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AR, BEAL, IXLEHLH OB T AW . B EX 3 NS
OB, IXAMIG N 1B () 52 1, A ] e 30
U0 B i . RV R ) WL A e Sl FH R T 43 B A R
B TR IR B JR B AR AE, SR 5 H IX Le e AR S 2]
BEAME, AR BEE VR A, B E
SRR XTSRRI AR, > T 2
QIO G W B A R B L R 1R RV N P S ERES
MU BT B AR il e ‘J*/I;ﬁ;?ﬁ]:ﬁ.
% 11  WiderPerson iﬂl?&’;‘é (%)

Model  Precision Recall mAP@50 mAP@75 mAP@50:95 F1

% 8 TrafficSign £i&E (%)

Lincar 4320 341 343 18.7 193 363
Sparse 433 341 342 18.9 194 351
Efficient  43.1 343 347 19.4 193 363
Dynamic ~ 43.1 345  34.1 19.0 193 348
Local 435 344 344 19.1 194 353
Ours 437 346 349 18.6 195 365

Model Precision Recall mAP@SOymAP@75 mAP@50:95 F1

SE 61.2 49.6 " 57.0 46.6 39.8 52.0
CBAM o614 499 59.2 48.8 41.7 53.3
BAM 61.0 49.2 54.9 453 385 48.7
ECA 61.1 49.5 56.3 45.5 40.0 52.5
SAM 61.2 493 59.3 48.6 41.7 53.4
Ours 61.8 50.1 58.8 48.9 41.7 53.9

F 12 Vehicles HIELE (%)

Model  Precision Recall mAP@50 mAP@75 mAP@50:95 F1

443 5L 3

TEEE 3 S0 b, 8 AR T BEE VR = I LA
T FL A S 1) B R UL R I AE 5 M s AR
SR WA 9% 13.

£ 9 VOC HHELE (%)

Linear 83.5 62.2 68.6 60.0 54.1 69.3
Sparse 83.2 62.3 65.1 53.0 50.9 65.5
Efficient  83.1 63.1 67.5 56.3 53.6 64.9
Dynamic  83.6 62.5 63.8 53.0 49.4 65.5
Local 83.7 62.6 66.2 56.9 52.6 66.2
Ours 84.0 63.3 70.1 58.4 55.7 70.3

% 13 TrafficSign B4 (%)

Model Precision Recall mAP@50 mAP@75 mAP@50:95 F1

Linear 75.1 64.2 72.6 57.3 52.5 69.1
Sparse 75.9 64.3 72.9 57.2 52.6 69.2
Efficient ~ 73.7 65.9 72.5 57.0 52.4 69.1
Dynamic ~ 74.8 64.2 72.5 57.0 523 69.1
Local 75.4 64.3 72.6 5718 52.6 69.0

Ours 76.1 64.9 734 © 581 53.0 70.1

Model  Precision Recall mAP@50 mAP@T5 mAP@50:95 F1

Linear 614 499 5838 483 420 552
Sparse 612 492 | 57.8 . 490 412 526
Efficient  61.8 | 493 592 49.0 416 535
Dynamic  61.30 49.8  56.1 46.6 39.9 53.2
Local 61.5 498  59.9 50.7 43.1 55.0
Ours 61.8  50.1 588 48.9 417 539

5

210 VisDrone2019 R4 (%)

444 S 4
N T B SR E R 22 B B LI R HEAT T X L,
gk 14 Fios.
£ 14 AEVERJINLE PR FE bR L

Model  Precision Recall mAP@50 mAP@75 mAP@50:95 F1

Linear 36.3 25.9 23.9 12.8 13.0 28.6
Sparse 36.4 25.8 23.7 12.7 12.9 28.1
Efficient ~ 35.5 25.2 235 12.5 12.8 28.3
Dynamic ~ 35.5 25.7 235 12.6 12.8 28.2
Local 36.4 25.6 234 12.5 12.8 28.2
Ours 36.7 26.1 23.9 13.2 13.3 28.5

M 93K 13 AR T LUE I, 5 MG A
VE R IHLHAS L, BB R AL R B T
IO P fE. 1% 58 R Bk AR I PLE EOR e

Model Parameters GFLOPs FPS (f/s)
SE 3017740 8.1 686
CBAM 3017839 8.1 678
BAM 3014781 8.1 677
ECA 2878479 8.0 682
SAM 3093004 8.2 635
Linear 3093004 8.2 652
Sparse 3093004 8.2 383
Efficient 3109516 8.2 636
Dynamic 3128092 8.2 619
Local 3109516 8.2 367
Ours 3076620 8.2 655
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