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Abstract

Thermal imaging can detect obstacles in low-light environments. To address the issue of image
quality degradation caused by train vibrations, an EIS algorithm has been designed based on ORB
feature extraction and weighted averaging using Farneback and Lucas-Kanade optical flow meth-
ods. The collected data undergoes EIS and preprocessing with CLAHE. To address the low resolution
and high noise sensitivity of infrared images, a train obstacle detection algorithm, YOLOv8n-TOD, is
proposed. The algorithm enhances YOLOv8n in three ways: replacing the original backbone with
MobileNetV3 for efficient feature extraction using its lightweight structure and depthwise separa-
ble convolutions; by using FasterBlock networks to reconstruct the C2f module in the neck network,
optimizing feature fusion and enhancing information transfer to improve model stability and de-
tection Accuracy; and by refining the CIOU loss function to boost model generalization capability.
Experimental results show that after preprocessing, the mAP of the YOLOV8n algorithm increased
by 2.4%; with the YOLOV8n-TOD model, the mAP further improved by 7.2%, significantly enhancing
obstacle detection performance.
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Figure 1. Data collection and preprocessing process
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Figure 2. Data collection flowchart
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Figure 3. Electronic image stabilization algorithm flow
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Figure 4. YOLOV8n-TOD model architecture diagram
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Figure 5. MobileNetV3 network architecture diagram
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REGE FRAS
BIERSR Linux Ubuntu 20.04.6 LTS
W% GNU/Linux 5.4.0-155-generic
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CUDA A 12.1.1
Python f A 3.11
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640 pixel, AL (optimizer) Ay HahiE#E, W46 1 F MR 5 k.
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FNR){E RPN 45 -

TR FNR R AR IR 1 0 H A5 &3 BT Sebr BARII LU, Skt 3 BAb.
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Figure 8. Comparison of SSIM and PSNR curves before and after model improve-

ment

8. EEMUHEIE SSIM F1 PSNR phzk 3ttt

4.3.2. EIS #1 CLAHE B4R S gExtEL
FT YOLOVSN Sk xd Tl B A1 5 Bodi b 47 % Uik, sRie st Ransk 2 fos. S5REW, Sl st
PGSV B mAPS0 37T 2.4%, RIEFHT 0.5%, IeiF T TALEEAIAE R

Table 2. Performance comparison before and after
= 2. BURTRALIEAI S 14 REXTEE

data preprocessing

RS
YOLOVSn
+EIS
YOLOVSN-EA (+EIS + CLAHE)

mAP50/% R/%
51.8 47.2
53.4 48.1
54.2 47.7

FNR/%
52.8
51.9
52.3

433. EFMLE. FHRBMLE KRG EEXTEE
4 # 4 MobileNetV3 4%, C2f_FasterBlock #H[1] YOLOVSn ik 5 461 YOLOVSn HiLE4T 5%

EEI, sl R ane 3 Fin. MobileNetV3 W4% Budh j5 505 mAP #2717 3.7%, R #2741 2.3%,

C2f_FasterBlock #EHis0dt J5 5720 mAP #2717 1%, R &S T 3.1%, HESRMA R EEMR.
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Table 3. Performance comparison before and after backbone and neck network improvement
F 3. EF. MEMEBUHATEEREXTEL

AT MAP50/% RI% FNR/%
YOLOV8n-EA 54.2 417 52.3
+MobileNetV3 57.9 50.0 50.0

+C2f_FasterBlock 55.2 50.8 49.2

4.3.4. RALIBKFRBATEIERERTEE
&2 CIOU MIBLE R4 a, # 1A% a J5 1) YOLOVSN Bk 5 YOLOV8n AT X ELIt, Milss
RN 4 s, 4REY, Ha=030, FIEW mAP 27T 2%.

Table 4. Performance comparison before and after loss function optimization
= 4. R RBAAALATE M REXTEE

a mAP50/% R/% FNR/%
0.1 56.1 47.7 523
0.2 56.2 47.7 523
0.3 56.2 47.7 523
0.4 55.8 47.7 52.3
0.5 55.6 47.7 52.3

4.4. jHRRSCES

Fe P A Bt 77 AR B A — 523k b, 15 305 ZE i MR U 9% YOLOV8n-TOD. Jy 1 % ik YOLOVSn-
TOD FRRCR, #H47 5 AHEsER:, 45 R4 5 Prax. OSDaR23 [22]% 20 /N ANH -5 Bk g M B AR 5¢
MR 5, HINKE R AR ML 5.

Table 5. Ablation study results
5. HAKEER

mAP50/% R/% FNR/%
MobileNetV3  C2f FasterBlock Clou

B Ml  OSDaR23 Ml  OSDaR23  H#l  OSDaR23

54.2 343 477 27.3 52.3 722

\ 57.9 31.9 50.0 27.6 50.0 724

V 55.2 35.1 50.8 314 49.2 68.6

V 56.2 346 477 273 52.3 72.7

\ 59.7 35.7 49.8 272 50.2 72.8

\ S \ 61.4 38.8 52.2 33.1 4738 66.9

M5 HafLUE H, AHECJE YOLOV8n &3k, i /51 YOLOV8N-TOD HiA7E Ab BEEHE IF mAP 2
TJHT 7.2%. R#ETFT 4.5%, 7£ OSDaR23 F mAP #2711 4.5%. R #2&T+ T 5.8%.

K 9 NAETAL R 5 $4E _E YOLOVSN AT YOLOVSN-TOD Hi%i)I kit 2 mAP £k xfLt, T LAE Hi¥s
MobileNetV3. C2f_FasterBlock £ 3 [F]l—EiE AL R UG, LR mAP A B g7t
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Figure 9. Comparison of mAP curves before and after model improvement
9. BUANUHRATE mAP BhZxTEL

% 10 2 YOLOVS8n. YOLOVSn-EA F1 YOLOVSN-TOD & yEMEREXT L 45 5.

(c) YOLOVSN-TOD %iFA il 45

Figure 10. Performance comparison of YOLOV8n, YOLOV8n-EA, and YOLOV8n-TOD models
[ 10. YOLOV8n, YOLOVS8n-EA 1 YOLOV8n-TOD B A aEXTEL
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NV SEVERE, Rt e MRNE S — S R R AEAT X EEINK, 3% 6 WA RSIEXS LA R .

Table 6. Performance comparison of different algorithms

6. NEHEERMERERTEL

Hik mMAP50/% R/% FNR/% GFLOPs FPS
Faster R CNN 51.1 - - - 0.08
YOLOV3 53.2 475 525 282.2 35.46
YOLOV5n 49.7 47.1 52.9 7.2 83.33
YOLOV5m 53.0 48.1 51.9 64.0 72.99
YOLOV8n 51.8 477 523 8.2 83.33
YOLOV8n-TOD 61.4 52.2 478 10.0 88.50

MEERFEH, Mo R YOLOVSN-TOD 3% 1) mAP. R 1 FPS & T HAth /73%, 7 GFLOPs & T
YOLOVS5n 1 YOLOVSN, {H /& %% & Sehs P R .

5. &

BEXS B ARG PR 7 55, H0 A7 R A vl 2 AR BRI S A 4 AL A I T} ) T 5 o P A4
R RISt 28 S e e . PRI, R H T —Fh3E T ORB HRFHEEUE V5 Farneback. Lucas-Kanade Yaiiisk:
IR 35 1) EIS 5373, ORB RFHAE SR AU H 1% 5 21 /M EME A B i) DL EC 14 B s Farneback YGifti% 5 4 785 Lucas-
Kanade Yty A 35 w] LATE P 1 5% 26 550G 2 1) R e 48 o B e 2k

[FI, EEXFLLANEUR o PREAK. 5 2 A o . RRAE SR IRE VD BLSS I in) L,  $& T B ZE R RS A
5 YOLOVSN-TOD: ¥ YOLOV8n 53% [ Backbone #i#/ MobileNetV3 =M%, 1S HHETRE
BUAE 7, $2TF S AG RS P2 RN EEEE 1 5 K Neck H ) C2f 145 4 FasterBlock FB 5 i) 4 C2f_FasterBlock
B, CREEJEAG(E B [E g — P e A 1) 2 REERHMESR IR 77, R/ BARFRIESE i, ik —2
P REE MR i CIOU ik Rk, - EVEZ AR J1. Kol f5 5% YOLOVSn-TOD 71 H
il P 4 F1 OSDaR23 %4 5 YOLOVSNn HyZidh 47 5% Ll i, YOLOV8n-TOD (1) mAP 45l $& 7+ T
7.2%F1 4.5%. R Zp7l4&Tt T 4.5%7F1 5.8%. FNR [FK | 4.5%F1 5.8%, WliALE K&, 1ZEIEEIRIES
IPPE AL b, RERE W] B R S PRSI P R FE AR R, FIRIR AR, R B rEse, xf
PRI FN AT B 22 4 B SR o RAK I — DR RS 0 USRS I M R

EEUWH
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