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Abstract: Aiming at the problem that the traditional SSD algorithm lacks the exchange of feature information between
features at different scales, which is not conducive to target positioning and recognition, so that the detection results of
the traditional SSD algorithm often can not meet the actual accuracy requirements, and the detection speed can not meet
the actual requirements, so it is improved, and the lightweight network MobileNet-v2 and feature fusion module are
introduced, This makes the algorithm (ENMobileSSDnet) deal with the identification problem of digital instrument
indication in patrol environment, and the detection cllcet is significantly improved compared with the traditional SSD

algorithm. The dctection accuracy (mAP) has rcached 98. 32% and the detection speed (FPS) has rcached 72 [rames/

Fadk BT

s,

It has better application valuc [or practical engincering projects.
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X1_ = Add(Cov(X),X_.X1,Cov(X2_)) 4D
X2 = Add(Cov(X1),X2,Cov(X3 ) (5)
X3 = Add(Cov(X2),X3,Couv(X4 ) (6)
X4 = Add(Cov(X3),X4,Cov(X5 ) 7
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X5 = Add(Cov(X4),X5,Cov(X6 )) (8
X6_ = Add(Cov(X5),X6) (9
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