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Real-Time Pedestrian Detection for Far-Infrared Vehicle Images and
Adaptive Instance Segmentation

Yu Bo, Ma Shuhao, Li Hongyan, Li Chungeng”, An Jubai

School of Information Science and Technology, Dalian Maritime University, Dalian, Liaoning 116026, China

Abstract In infrared image detection and segmentation tasks, the color information is lost, the features are fuzzy
with noise, the target number is large, and the traditional extraction method is slow. Therefore, we propose an
optimized YOLO detection and segmentation network model for far-infrared images. The two proposed optimization
points are as follows. We use the K-means+ + clustering algorithm to determine the multi-scale prediction anchor
size after the analysis of two far-infrared databases. We also perform pixel-level instance segmentation of detection
targets using localized adaptive threshold segmentation. The experimental results show that the proposed algorithm
performs pedestrian detection at detection speeds of 29 frame/s and 28 frame/s on the FLIR dataset and the dataset
used in this paper, respectively, ensuring the requirement of real-time output. The pedestrian detection accuracies in
these datasets reach 75.3% and 77.6% . Moreover, the average intersection over the union of the segmentation
results is 70%-90% . In summary, the algorithm performs well with respect to robustness and universality. The
algorithm provides a valuable reference method for pedestrian detection and segmentation in far-infrared fields.
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Fig. 5 Gray histogram of pedestrian object image
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Fig. 10 Instance segmentation effect diagrams for FLIR dataset. (a) Instance segmentation results;

(b) manual labeling results
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Fig. 11 Instance segmentation effect diagrams for our dataset. (a) Instance segmentation results;

(b) manual labeling results
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Table 2 Algorithm performance evaluation table

. FLIR dataset Our dataset Instance
Algorithm Backbone
AP Velocity/(Frame * s~ ') AP  Velocity/(Frame * s~ ') segmentation
HOG+SVM(64X128) 63.1 <1 65.2 <1 X
Faster R-CNN(512X512) VGG16 68.5 6.5 72.9 6 X
SSD(300X300) VGG16 71.6 16 73.3 15 X
YOLO v3(416 X416) Darknet53 74.4 30 76.1 30 X
Our(416 X416) Darknet53 75.3 29 77.6 28 N
A SO T TOU X 52 48] 43 %1 19 25 2R 306 47 37 4] F1%) TR B 32

10U 2 H ARG U v 7 32 il i — A&, B 2
THR ™ A A e HE 5 B B IC HE ) 52 & R ]IS
S IFER LA SR A B0 58 4 T B, U HE
1o ARSORETE S AR TCHE 2 T AR R HE R
RPN B AR TSk A R R R
HATHREH HARR R 518 10U A PR 52 4] 43 5

Aarcz\ <W) ﬂ Aarca (U)
Iiou 7Aare;|(W) UA. () , (20)

KW HBRFAE B EREERGRSAU AT
FRic i B AR R R A S A A B 4 1 Bl AL A5
B 50 5K A0 30 sk aEAT A TARic Ik, B 10 5 &
11 AEIF ek 3 fis

#3 IOUME
Table 3 10U evaluation table
FLIR d The first line The second line The third line Test result for 50 images
» ataset
82.26% 86.05% 80.7% 75%-90%
The first line The second line The third line Test result for 30 images
Our dataset
86.56 % 85.68% 82.89% 70%-90%
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