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[ Abstract] The emergence of deep Convolutional Neural Network (CNN ) has contributed significantly to solving complex
computer vision problems, and they have been widely used in image recognition tasks.Designing an efficient network has
become the key to improving the performance of deep CNN.In the process of image recognition based on a deep CNN,
increasing the depth and width of the network can produce rich feature information, whereas the use of a multi-scale
segmentation method can effectively reduce redundant feature-information.However, increasing the depth of the network in
multi-scale segmentation affects the recognition speed.Thus, improving recognition speed while ensuring accuracy has become
an important goal in designing efficient networks.To solve this'problem, the network width is increased using ResNet to
improve the recognition speed and ensure accuracy.Using the residual structure in ResNet-D and reducing the network length,
a residual network with only seven layers is obtained.Concurrently, the multi-scale segmentation method in HS-ResNet is
optimized, and only the last connection and merging operation are retained to obtain SSRNet.The experimental results on
the CIFAR 10 and CIFAR 100 datasets show that the maximum speed of SSRNet is more than seven times higher than that
of ResNet, and the error rate can be reduced by 8.81%.This demonstrates that shortening the length of the network can
significantly accelerate the speed of image recognition, whereby the recognition accuracy is effectively improved in
combination with the multi-scale’'segmentation method.
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Table 2  Comparison of recognition latency and recognition

error rates. of different networks models on CIFAR datasets
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Table 3 Comparison of error rates of different

network models on CIFAR datasets
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PyramidNet 1.7 110 4.58 23.12
HS-ResNet 1.5 110 6.52 29.68
SSRNet-a 20.2 7 3.82 19.38
SSRNet-b 26.8 7 3.87 20.87
SSRNet-c 3.1 7 6.75 30.69

TE A SCHY I G5 30 55 A GRS R, CIFAR %8s
£ - SSRNet-b JH il SC B Y 45 N3k 4 s . £
JUBE 4 A% B SS-Block 5t ResNet {1 ) 5% 22 51
S, AR A O (B TR ) B B2 A 25 frame/s T BRI
11 frame/s., i FH 45 55 ™ 254 % 5 15 2 iJF ResNet J5
FEBEFARIT , YU A 25 frame/s $2 71 £ 192 frame/s,
PTG Z o (RN 22 RUBE 53 310 05 325 AR 4 I 2%
5 1 Uk ResNet J5 , 759 21 ) SSRNet 9 5 12 % K
il i " B , 7€ CIFAR 10 fil CIFAR 100 34 5 I 4331
TR 2.53% 1 8.81% , LI M 25 frame/s 4 T} 3]
100 frame/s, #& F+ 1 3 4% 25 Ao Ay G AT UL, 4 2 1) 2%
AN R0 R AV BL Y R PN RS a I R R AN 4
o3 ®) 7 2 AT DASR U RS B

%4 CIFAR##E % F SSRNet-b /¥ B 52360 (912 31 i £
S5HIREI

Table 4 Comparison of recognition latency and

recognition error rates of SSRNet-b ablation
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