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Fig.1 Visualization of the feature map
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Table 1 The allocation strategy of anchor

Anchor size
(38,132)
(62,205)
(116,321)
(13, 49)

Detector size Target size

16 X16 Large target

32X 32 Medium target (19, 60)
(25, 89)

(5, 17)

64 X 64 Small target (8, 26)
(9, 39)
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Fig.3 The distribution of y before and after sparse training
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Fig.4 Comparison of channel numbers before and after pruning
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Table 2 Hardware configuration
Equipment Model Quantity
CPU Intel(R) Core(TM) i5— 10400F 1
GPU NVIDIA GeForce RTX 2080T1 1
RAM 8G DDR4 2666 2
Hard disk 512G SSD 1

x3 SHEE

Table 3 Parameter configuration

Parameter Value
Learn rate 0.001
Epoch 600
Momentum 0.9
Hue 0.1
Policy Steps
Steps 3200, 3 600

2.2 FHIERR

0T A R DA b LA R HE T 3 6 £ AT R IR B B T 3 A R AR 3 BT K B (Mean
Average Precision, mAP) &3 A4 U 21 b K15 5 W5 (Frame Per Second , FPS) (2 8k DL R AR R /I Sy i
R BE A PEAN 8 A5

T 4l B 25 S G50 v (A R W0 S o 7 o TR 05 A A 28 A B B R R K i RS S I R T b, i A
RGN 38 8 RIRE TR A /N I B DG T I o — T AR 6 R TR % G I S R R LA B e A TR 1 o SO PR A A B
PR LA e D 4 A% B 3 T L S 05 DR g G T S 5 D) — Ty TR A A B K 0 2% 2 Bt el B &, S B s 5 o
T S IO R JE AT AS ) T 190 2% A5 80 1) B 3 o 802 . DR AE AR 48 A FPS RIS RL K/ 45 0 T2
23 ZWERSW

S B8 iE - Xof A E 2 TH I ABCT AR B9 A 80P L #% YolovA—tiny 8 £ B8 B 43 58 m Z 46 I )2 L CSP #l S 16 AE
R AS R B R BEAT S X L, L g g 2R an e 4.
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x4 BERARBIBRNL

Table 4 Comparison of the effect of precision improvement strategies

Fine-scale ) Size/ Speed/ mAP/
Model ) 4XCSP K-means+ +
detection layer MB (framess ') %
Yolov4-tiny 23.5 90.7 80.6
Our N 24.9 84.0 86.5
Our N N 24.9 79.9 87.5
Yolo-pedestrian NG NG NG 24.9 79.3 89.2

F e A AT, SR T =P 0 SR W S 0 20 AT AR A R A RS B2 o T 8.6 06, A INDOKS BE W W8 B {H iy
T I 2 AR R0 2 R A B, AR R RN 3G N T 1.4 MBL,FPS FEMR T 11.4, NI 7 B XF Yolo-pedestrian £ 47
JE 4 .
2.3.1 BER R4 E I 5

SR T AT NG DA A 7R R B R T B R I, SCRE PR IE FE TR R 5K ) A% sh i 4L W B R g b & E
e B AR Z T A S ORI 8 1Y Yolo—pedestrian #E 47 BN JZ 3 18 5 A% , S B ALY 1K 45 A2 0 1 ik
b R R N R TR 2 RV A SR e S B B R A R E K A2 AT LA SRk BN 2 G 5T AR 110 B RDORS BE K .
VR 04 AR Bl 2 AT P ORI 38 o 1 ZRR 5 40 2R AR ORG B8 o A SR D R TR B A 2 B AU ) TG S Ak
BYAAS B 1Y best. Weight KCE #EAT #RIIN 2k, Y11 2R 2 AR UCECH 500 1> epoch s J1H 7 18 45 1 W) S 4 5 A i 14 452 784
Y& R Teacher BRI | 55 17 J5 AR RIAE S student B AY . 38 (1) T R 3EF, Y 2Rk ARk £ A 5004 epoch.,

AL S5 H A S 58 R A [ 5 RCR T LR 5 RS ORG 1R R R 25 18 SR B 43 i X Yolo-pedestrian £1 4T
NG ASE FROKS BE R A R, HLZE Rk 5,

x5 AEAMARBERITE

Table 5 Comparison of results of different fine-tuning strategies

Pruning rate Fine tuning Knowledge distillation =~ Number of channels Size/MB mAP/%
0.00 2912 24.9 89.2
0.75 NG 728 4.6 89.1
0.75 NG 728 4.6 89.5
0.80 N 583 4.0 88.6
0.80 NG 583 4.0 89.2
0.85 NG 374 3.5 87.7
0.85 NG 374 3.5 88.0
0.90 NG 184 3.0 83.9
0.90 NG 184 3.0 84.1

F € 5 AT AT, 24 I 4 A5 EL E AT BN J23 3 G 0 R A B S R ZE R EGORS 1 SR s EL A S R JE R S RE
MBTRCAR N 0.9 B, 55 AR5 R A (4K 2 3 Ak A I R0 1R 7% 08 7 b SR W R E LA A, Y BT AR 0.8 B, A AL A
MRS B2 5 Yolo—pedestrian £ F5— 2%, [ B HAR A KNS T 20.9 MB. ¢ I+, Yolo—pedestrian £ A1 75 5 4% 3%
R 0.8 Bif BE L7 — 1> F 7 % G B, A1 I AR SOk b B R 3N 9 £ AT A IR B i 44 24 TIPRD .

2.3.2 LEH

AL S R T X H TIPRD #5555 5 Yolov3 ., Yolov3-tiny . Yolov4 ., Yolov4-tiny () # il £ AE , 76 A B4l 4
HEAT R LS, e A R A 6

i 22 6 Al A1, 5 28 HiLAY Yolov3., Yolov3-tiny . Yolov4 Hl Yolov4-tiny & % #f H , TIPRD #5478 i &) T
Yolov4 [ 28 #E RS B (9 1 42 A 8 /MR YolovA B RY 4 1.5 %6, 378 78 /)y 1 A A6 i A5 Y, L B A 11T Y olo—
pedestrian 15 % FPS 4 5 9.4 Wi /s, [A] BF TIPRD A5 8 36 1l 45 3 88.7 WL /s (14 A R AG 00 38 J3E o Jet S sf ik ) 2.
SR, B FH AR BT U SR 5K 1 A% B vt A 1] 2 ek Al B AR 8 0 ZL AT ARG L AR g 2R I A5 SR A K] 7
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Table 6 Comparison of different algorithms

Model Size/MB Speed/(framess ") mAP/%
Yolov3 246.3 49.4 91.2
Yolov3-tiny 34.7 94.2 79.7
Yolov4 256 43.3 91.6
Yolov4-tiny 23.5 90.7 80.6
Yolo—pedestrian 24.9 79.3 89.2
TIPRD 4.0 88.7 89.2

rsoPS"persons 0.7 ersons 0.8
r i [V - ir

H7 Al R
Fig.7 Testresults
24 TIPRD#EE B IS
by it — 0 Bk TTPRD A5 R 78 78 3l i A7 R M b TR HI BB, >R FH Jetson Nano JF & ~F- & X 45 L g 17 5
&, H:rp TIPRD ., Yolov3. Yolov3-tiny ., Yolov4 LA & Yolov4-tiny 7 Jetson Nano £% 2l i Ff- & F 65 A% 455 750 46 il
WML,
F7 AEEEG N E E XL

Table 7 Comparison of detection speed of different models

Model Speed/(framess ')

Yolov4 /

Yolov3 0.95
Yolov4— tiny 5.2
Yolov3—tiny 2.6

TIPRD 6.9

1 7 nl L, TIPRD B 18] 21 A7 K 045 78 7 3+ 530 6E 71 85055 19 2G B Ji Jetson Nano #2 2 1 % F & Ll
T B AGI E E  6.9 W /s, AL T Yolova-tiny, TIPRD & 8] £ 47 A AG A% 78 7 155 68 0 A R B IF ke °F &
EFPSHETE 1.7, ASCHEH A9 TIPRD MR SUH A B2 A i8R, 5 ELAH X T H e A5 ARG I o 2 A5 25 1 A 1
DL, HOE A 7 M Bhi T A 5 L .

3 #ie

A SRR R V5 B8 IR AT R B0 Bl B 25 Bk AR L BRI T — b A B RS L R R i R TIPRD. 1 ek T
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FRAE P 18 S B o BEXT N B AR T AR [ B9 45 0, 1 FH K-means—+ + R 2R 700 th & ] T 204M7
NG I ) 5 30 AE 00 78 A5 0 S 0, 4t v SE B E 5547 N H bR 9 DS T B2 5 S UA B2 4R T 8.6 06, B iiE T B X Yolov4-
tiny Bk 1 2CHE AT 0k o LA G S AT N R I A A A, 6 A AT BN )R 3 T 5 R TR m SC B R4 (R
I 1) T 2R DR 2 1 B vk o USSR ) Bl R 4 TE DR AP RE BE BT B R, S R AL O R EE R A (R RN R
4 MB, [l i 0 35 B2 338 1 88.7 Wi/s, LU BYAHT 42 5 T 8.4 Wit/s, il /L SEHMERY oK o )7 S8BT TIPRD &
] 21 447 A K AL BLFE Tetson Nano(2GB) # s & F & BBy, FPSEETE 1 1.7 Wit /s, i — LB ik 7 A
BEAVAE RS Bl g i A 7 A 2800, SR 1 30 ) TR 1 A
AR ST RIE 5 I 6 AR Ji TR T R S B E A VAR, BT © AFTEVF 2 Anchor—free (19 H BR R I B 1 X 2K
B BT R 2 AR A KA S X — A B BT LA RE IR B[] AR S 2% 2544 T 5 45 Anchor—free B AR IE— 25
etk .
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Lightweight Real-time Detection Model of Infrared Pedestrian
Embedded in Fine-scale

ZHANG Yinhui, ZHANG Pengcheng, HE Zifen, WANG Sen
(Mechanical and Electrical Engineering, Kunming University of Science and Technology, Kunming 650500, China)

Abstract: The growing number of cars makes accidents more frequent. Due to the poor visibility conditions
of drivers at night, the accident rate is higher than during the day. Therefore , various assisted driving
technologies to enhance driving safety are widely used to reduce traffic accidents in the nighttime
environment, among which infrared cameras have unique advantages at night. On the one hand, the visible
light imaging of general cameras is easily affected by other interference light sources, and the low—quality
images obtained in the nighttime environment with insufficient light will make pedestrian detection
extremely difficult. The infrared camera technology based on the object's thermal radiation and reflection
imaging can achieve barrier—free night vision without being affected by the interference light sources. On the
other hand, the decreasing cost of infrared imaging equipment makes its application scenarios more and
more common. Aiming at the night driving environment with a high accident rate, a night infrared image
pedestrian detection model is proposed, which can detect pedestrians on the road at night in real-time. This
research has important value and broad market application prospects in vehicle assisted driving, providing
higher security for vehicles and pedestrians. Aiming at the problems of insufficient information such as color
and texture of infrared images, low detection accuracy compared with visible light images, a large number
of detection model parameters, and dependence on high—performance GPU resources, resulting in slow
detection speed and other problems, a multi-scale embedding method fused with fine—scale pedestrian
objects was proposed. Detection layer, lightweight real-time detection TIPRD model. First, to obtain
more accurate infrared pedestrian location features, a 64X 64 fine—scale detection layer is embedded on the
original Yolov4-tiny structure to form a multi—detection layer structure, and a CSP module is added to
deepen the backbone network to fuse the location features of infrared pedestrians; Secondly, in view of the
relatively fixed aspect ratio of the infrared pedestrian target, K-means—+ —+ clustering is used to analyze the
preset parameters of the a priori frame suitable for the infrared pedestrian target for improvement of the
match between the a priori frame and the infrared pedestrian target. Finally, in order to reduce the model
parameters, the model is processed through the BN layer channel pruning, and the model before pruning is
used as the teacher model. At the same time, the model after pruning is used as the student model. The
knowledge distillation algorithm is used instead of fine—tuning to complete the micro—control of TIPRD.
While ensuring the detection accuracy, the model parameters are greatly reduced and the model is further
lightened. Experiments based on the Yolov4-tiny network model show that using three strategies of fine—
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scale multi-detection layer embedded in 64X 64, adding a CSP module and a priori box clustering can
improve the detection accuracy of infrared pedestrian targets by 8.6%. But with the increase of model
parameters, the model size increases by 1.4M, and the FPS decreases by 11.4 frames/s. Therefore, Yolo-
pedestrian needs to be channel pruned to achieve model lightweight. After pruning the BN layer channel,
the model detection accuracy will be reduced to varying degrees. Therefore, this paper uses knowledge
distillation instead of fine—tuning to achieve the accuracy recovery of the model after pruning. When the
pruning rate is 0.8, the model size is compressed by 20.9M, and the FPS is increased by 8.4 frames/s. The
model can maintain the original accuracy after pruning through the knowledge distillation algorithm,
achieving a lightweight model. Under the premise of approximating the accuracy of the Yolov4 network
model, the size of the TIPRD model is only 1.5% of the Yolov4 model, which is far smaller than other
detection models of the same type. Compared with the Yolo—pedestrian model before pruning, the FPS is
improved by 9.4 frames/s. At the same time, the TIPRD model also has an extremely fast detection speed
of 88.7 frames/s, which meets the requirements of real-time detection.For the assisted driving system with
limited computing resources, a lightweight model TIPRD with high accuracy is proposed, which provides
a certain reference value for the application of infrared pedestrian detection in the nighttime assisted driving
system deployed on the mobile terminal. Firstly, the structure is improved based on the Yolov4-tiny
network. The CSP structure is circulated on the original network structure to strengthen the network
feature extraction ability, and a detection layer with a size of 64X 64 is added. A feature fusion line is added
between the new detection layer and the backbone network to fuse the location features of infrared
pedestrians and enrich the semantic information of feature maps. And according to the relatively fixed
length and width of pedestrian targets, the K-means—+ + clustering algorithm is used to analyze the preset
model parameters of the apriori frame suitable for infrared pedestrian detection, which improves the match
between the apriori frame and the pedestrian target; the model accuracy is improved by 8.6 points.
Percentage points, verifying the effectiveness of our improvements on the Yolov4d-tiny algorithm.
Secondly, based on the improved pedestrian detection model, the BN layer channel pruning strategy is
used to achieve compression, and the knowledge distillation algorithm is applied to complete the micro—-
adjustment of the model. On the premise of maintaining accuracy, the deep compression of the model is
realised, and the model's size is compressed. At the same time, the test speed reaches 88.7 frames/s, 8.4
frames/s higher than before pruning, which meets the requirements of real-time detections. Finally, the
deployment of the TIPRD infrared pedestrian detection model at night on the Jetson Nano (2GB) mobile
terminal development platform is realised, and the FPS is increased by 1.7 frames/s, by which the
feasibility of running the model in the mobile terminal is further verified and good engineering application
value is shown.

Key words: Infrared detection; Deep learning; Multiple detection layers; Model pruning; Knowledge
distillation
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