% 50 % 3 3 NGt TR 2021 % 3 A
Vol.50 No.3 Infrared and Laser Engineering Mar. 2021

dhBmRENMNELHFEEETBEIRE
Ygms, MR, AR, B E, ROBR
(K EIARKRY FHRILFR, BH &% 710025)

o E. AR EAAL AR A b B T — A sh B AT W K8 F R A
ik, E%A THRS B ARER M4 E'J #}r;liémb%u%ﬁ Loyl Rz AR h R GIREF T A
A ENAEERE VG BN E xS PrEptt, XPELEER T EFREEAR Y LIFE
FEARSTR HEAZALRE A phlad m/\ﬁ@é’ﬂ’ﬁﬁl ék}‘&& T 44N B ARARI] P 2504 2 SR AS 2 5]
AAZ: E K F 0 RGB BRHIEE P ISR 4ALA, S8R VoA Az sh B Fe AT IE L SN AL
*F W AT F BEF TRK ., A b, PR E T — AR AR NLE AR 6g 4 BB K R, AR R —
RAFA G TRM 25 R A ZAE AARIE, AR A R TAFEBAL N AL B AT 4 IE A A5 B A R B E
W% egit 52, EAHNBERK DHGTHE P, & BARCE LB A2 6 F 4RRE B A 69 Fnl B A=1E A 44 47
Eo FIEREN, IP AT 409 B AR W & e X R A R G T MR A T TR R,
7 Faster R-CNN LS HLT 1.1% #9428, M2 YOLO-v3 E523LT 4.8% 69 B 54271, e T Ari b
T k0 A ROk

KR st R AR FREEFT; EB8FT; HEEMREIK

FESES: TP391.4 MRkPRESAS: A DOI: 10.3788/IRLA20200511

An improved semi-supervised transfer learning method for

infrared object detection neural network

Li Weipeng, Yang Xiaogang, Li Chuanxiang, Lu Ruitao, Huang Pan
(College of Missile Engineering, Rocket Force Engineering University, Xi’an 710025, China)

Abstract: In view of the infrared datasets which has limited scale and few labeled samples, a semi-supervised
transfer learning method was proposed for the training of infrared object detection neural network. It aimed at
improving the training efficiency and generalization ability of object detection neural networks on infrared
datasets with limited scale, and increasing the adaptability of deep learning models in scenarios with few training
samples such as infrared object detection. Firstly, the ability of unlabeled samples in improving model
generalization and suppressing overfitting under few labeled samples was described. Then, the process of semi-
supervised transfer learning for infrared object detection neural network was proposed: a pre-trained model was
trained on large scale RGB dataset, and next it was fine-tuned using a few labeled and unlabeled IR images.
Moreover, a pseudo-supervised loss function with feature similarity weighting was proposed, where the
predictions from same batch was used as labels to each other, thus making full use of the feature distribution of
similar objects in unlabeled images. To reduce the computation of semi supervised learning, the pseudo-
supervised loss of object was limited on the objects within the neighborhood of its feature vector. Experimental

results show that the test accuracy of object detection neural network trained by proposed method is higher than
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that trained by supervised transfer learning, it achieves an improvement of 1.1% on Faster R-CNN and a

significant improvement of 4.8% on YOLO-v3, which verifies the effectiveness of the proposed method.

Key words: infrared object detection;
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Fig.1 Influence of unlabeled samples on decision boundary
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Fig.2 Procedures of semi-supervised transfer learning of infrared object detection neural network
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Tab.1 Algorithm 1: SSTL

Algorithm 1: SSTL

Input: Detection neural network and the parameters {6°, 6%, 62}, RGB dataset Dggp, labeled IR dataset D, unlabeled IR dataset D, weight of

unsupervised 10SS @max, fmax-

Output: Trained neural network

1. Initialize parameters of neural network {6°, 6%, 672} weight of unsupervised loss & = 0;

2. Pre-train {6,662} on RGB dataset DrGg;

3. Adjust the number of output channels of classifier according to the number of categories of IR labels;

4. FOR Epoch ¢

5. FOR Each Batch

6. Sampling BatchSize training data form D; and D,;

7. Getting the predictions #, C of batch images through forward propagation;
8. Calculate the loss of predictions for supervised samples with Eq.(1);

9. For each ¢ € C, find the neighbourhood N(¢) = {c_,, f - c: < R‘"'l“};
10. For each p € P, find the neighbourhood N(p) = {pj, St —f;g < chg};
11. Calculate the unsupervised loss of predictions through Eq.(7);

12. Calculate the gradient for semi-supervised loss Eq.(2);

13. Update {6°,6°!5, 678} ;

14. END FOR

15.  Update the weight of unsupervised loss a with Eq.(9);
16. END FOR
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Fig.3 IR features learned by object detection neural network
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Tab.3 Object detection on infrared image dataset

Method Epochs Launcher Tank Airplane Battleship mAP
Faster R-CNN 60 0.946 0.995 0.965 0.980 0.972
Supervised transfer learning
YOLO-v3 80 0.964 0.848 0.919 0.979 0.927
Faster R-CNN 60 0.971 0.997 0.962 1.000 0.983
Semi-supervised transfer learning
YOLO-v3 80 1.000 0.973 0.936 1.000 0.975
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