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Abstract: Compared with high-quality RGB images, thermal images tend to have a higher false alarm rate in pede-
strian detection tasks. The main reason is that thermal images are limited by imaging resolution and spectral cha-
racteristics, lacking clear texture features, while some samples have poor feature quality, which interferes with the
network training. We propose a thermal pedestrian algorithm based on a multi-task learning framework, which
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makes the following improvements based on the multiscale detection framework. First, saliency detection tasks are

introduced as an auxiliary branch with the target detection network to form a multitask learning framework, which

side-step the detector's attention to illuminate salient regions and their edge information in a co-learning manner.

Second, the learning weight of noisy samples is suppressed by introducing the saliency strength into the classifica-

tion loss function. The detection results on the publicly available KAIST dataset confirm that our learning method can

effectively reduce the log-average miss rate by 4.43% compared to the baseline, RetinaNet.

Keywords: thermal pedestrian detection; multi-task learning; saliency detection
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Fig. 1 The visualization of pedestrian samples in KAIST.
(a) Part of pedestrian samples with different scale; (b) Distribution of thermal pedestrian samples on KAIST
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Fig. 2 The illustration of the network framework
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It B SO A B/ N R FE (miss rate, MR)AYXS
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Guided(a) . Guided(b)ixX 4 F i ZEHIMEREMEL, FHorrim
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AT 2, # 3 KE 9 EAESHT, AT
FILUFE5E

1) RAER 25 M4 (CAS) ERFAL T A
WEMIZ, XULIIS A A HR A i AR 4 S S5 A e S
AT 58 A AT A R

2) 515 B S (Guided(a)) Hi TR FH 238
T A A S R S T T, WK TR AT
FFIE ARG O, MR? 1T} 7.86%. 157 (Guided(b))
AT SRR ERE G SR T REE SR 2
XoF JEA RN 43 S I T A R 45, MR? R
B 0.21%. (EAEMERRRS T 2R B 40 A4, IR T
THATHRE.

3) TEA A AAERE T, 2 R I THESE AR T

A2 ) KAER M ALK

Table 2 Individual learning framework contrastive test

Reasonable-all

Reasonable-day Reasonable-night

Algorithm

MR?/(%) mAP/(%) MRZ(%)  MAP/(%) MR?/(%) mAP/(%)
RetinaNet(baseline) 24.68 83.20 29.41 80.45 15.41 89.11
PAR 25.16 84.00 30.35 80.80 13.36 91.43
CAS 22.15 86.39 27.77 82.75 9.63 94.16
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Table 3 Guided-attention framework contrastive test

Reasonable-all Reasonable-day Reasonable-night

Algorithm
MR%(%) mMAP/(%) MR%/(%) mMAP/(%) MR%(%) mMAP/(%)
RetinaNet(baseline) 24.68 83.20 29.41 80.45 15.41 89.11
Guided(a) 30.01 79.96 34.68 76.86 19.40 87.23
Guided(b) 21.94 85.74 26.97 82.72 11.86 92.38
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Fig. 9 The visualization of MR-FPPI curves with various models on different periods within (a) all day, (b) only day, and (c) only night
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Table 4 Contrastive testing experiment with different parameters

Reasonable-all

Reasonable-day Reasonable-night

Siow w b a
MR%(%)  mAP/(%) MR?%(%)  mAP/(%) MR?/(%)  MAP/(%)
16 20.63 86.50 25.15 83.55 10.63 93.19
0.75 0.5 0.5 14 21.88 85.57 26.66 82.80 12.67 91.53
12 22.37 85.30 27.64 81.97 11.25 92.58
16 22.72 85.36 28.51 81.86 10.84 92.78
0.7 0.6 0.4 14 20.25 86.13 25.18 82.81 9.57 93.57
12 21.76 85.82 26.36 82.90 11.46 92.39
16 21.13 85.89 26.06 82.83 10.37 92.80
0.65 0.7 0.3 14 22.35 84.58 27.04 81.62 12.52 91.30
12 21.05 86.15 24.99 83.63 12.18 91.97

HIFE RO IR, RN LTI L HARME B FI
IR, ERE BRI, MZPERERT fE R m Ik
T baseline, MM o izt /INKF, ISR R EIORE L B4 A 2 WA
ST 1o BORXE T ERGE I H AR, R
22 5O SRR R R REAAL E . PRI R A BROE
S Tl a A BELEA Z AR BARE BRI, AR
1] e P AR S
3.3 5ERAIMTAEMNELBIXTEL 5347
ASCKZ A S B AT ER LM T AR
Faster RCNN-T!"* | Faster RCNN+SM!", Bottom up'*”!,
TC-thermal™ , TC-Det!'¥, RetinaNet!"/(baseline) ,
RetinaNet+SM #4757 XT b, XFHEZ5RE 5 iR,
RetinaNet+SM 7£ RetinaNet JEfifi [ R -5 SCHR[13]41

(7] 8 77 =0T D P i A 7 e 2 R R M

Fp MR?2-all, MR?-day, MR?-night 735 0& 4
K ALERK . AU BEAE BT AT AR % K %
(CAS+Smooth FL)ZK7RRHIAIL CAS 73 S AL H i i
111 Smooth Focal-Loss i1 25 BRELH T T AL, HRIEFR
HEE TS AR SO 24T 5522 2T FHEL T baseline BES A
RUFAIL 4.43%, H R TR 4.23% , I TRF 5.84%.
B A SCB T A HE SR AL T R 25 06Ttk 25 H ARy
KU, AR KRR, Bl CR amEl 10
FiR . SRIRESRERY], RAC A5 2% 2] I ks
A5 ST E A [ A 731G 58 1 7 75 (MR 2 4331 R
20.25% 5 23.47%) , HAEMAR BT 8 1 85 M e 2%
AT I8 2 PR A T

A5 KAIST oM AA R F k4 48wl i st be,
HF+SM A7 R A L#K[13]89 5 KFIANEE A
Table 5 Contrastive experiments on various thermal pedestrian detection methods,
where +SM represents introducing Saliency Map in the way of Ref. ['*!

Detectors MR Z-all MR%-day MR %night
Faster RCNN-T!"*! 47.59 50.13 40.93
Faster RCNN+SM!™! — 30.4 21
Bottom up'®! 35.2 40 20.5
TC-thermal!'¥ 28.53 36.59 11.03
TC-Det!" 27.11 34.81 10.31
RetinaNet(baseline) 24.68 29.41 15.41
RetinaNet+SM 23.47 30.30 9.85
Ours(CAS) 22.15 27.77 9.63
Ours(CAS+Smooth FL) 20.25 25.18 9.57
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Fig. 10 Partial test results.
(a) Ground-truth; (b) Baseline; (c) Ours detection result; (d) Saliency detection result of the auxiliary network
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The visualization of pedestrian samples in KAIST

Overview: In recent years, pedestrian detection techniques based on visible images have been developed rapidly.
However, interference from light, smoke, and occlusion makes it difficult to achieve robust detection around the clock
by relying on these images alone. Thermal images, on the other hand, can sense the thermal radiation information in the
specified wavelength band emitted by the target, which are highly resistant to interference, ambient lighting, etc, and
widely used in security and transportation. At present, the detection performance of thermal images still needs to be
improved, which suffers from the poor image quality of thermal images and the interference of some noisy samples to
network learning.

In order to improve the performance of the thermal pedestrian detection algorithm, we firstly introduce a saliency
detection map as supervised information and adopt a framework of multi-task learning, where the main network com-
pletes the pedestrian detection task and the auxiliary network satisfies the saliency detection task. By sharing the feature
extraction modules of both tasks, the network has saliency detection capability while guiding the network to focus on
salient regions. To search for the most reasonable framework of the auxiliary network, we test four different kinds of
design from the independent-learning to the guided-attentive model. Secondly, through the visualization of the pede-
strian samples, we induce noisy samples that have lower saliency expressions in the thermal images and introduce the
saliency strengths of different samples into the classification loss function by hand-designing the mapping function to
relieve the interference of noisy samples on the network learning. To achieve this goal, we adopt a sigmoid function with
reasonable transformation as our mapping function, which maps the saliency area percentage to the saliency score. Fi-
nally, we introduce the saliency score to the Focal Loss and design the Smooth Focal Loss, which can decrease the loss of
low-saliency samples with reasonable settings.

Extensive experiments on KAIST thermal images have proved the conclusions as follows. First, compared with other
auxiliary frameworks, our cascaded model achieves impressive performance with independent design. Besides, com-
pared with the RetinaNet, we decrease the log-average miss rate by 4.43%, which achieves competitive results among
popular thermal pedestrian detection methods. Finally, our method has no impact on the computational cost in the in-
ference process as a network training strategy. Although the effectiveness of our method has been proven, one still needs
to set the super-parameters manually. In the future, how to enable the network to adapt to various detection conditions
will be our next research point.

Gou YT, Ma L, Song Y X, et al. Multi-task learning for thermal pedestrian detection[J]. Opto-Electron Eng, 2021, 48(12):
210358; DOI: 10.12086/0ee.2021.210358
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