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Abstract

With the rapid development of artificial intelligence technology, forest fires have become a major
forest disaster that causes global forest losses and human injuries and affects the security of forest
ecosystems. Therefore, it is necessary to conduct identification research on forest fires to provide
conditions for subsequent rescue operations. Deep learning offers an effective, precise and intelli-
gent detection algorithm. Through real-time monitoring and rapid response, it can effectively pre-
vent and control forest fires, build a solid ecological security barrier and safeguard the green home-
land. This paper will introduce the commonly used datasets in the field of forest fire detection and
elaborate in detail the basic principles of three algorithms: SSD algorithm, YOLO algorithm, and
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Faster R-CNN algorithm. It will also briefly describe the current application scenarios based on un-
manned aerial vehicle image detection combined with various algorithms, as well as their research
status and existing deficiencies, and make prospects for further research.

Keywords

Object Detection, Forest Fire, Dataset Collection, YOLO Algorithm, Convolutional Neural Network,
SSD Algorithm, Faster R-CNN Algorithm, Unmanned Aerial Vehicle Image Detection

Copyright © 2025 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 5|8

ARMAE YRl A 25 R G AL 7, APONBIEYIR I 1A MRS, T HAEAERF S R
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2. FRICK RS 5 3¢

AR GAGIN S0 2 48 FH T A I AR AR X3 b SO A 5 B bR SR . IR S8 5002 B AR a2 i PRIR B
FEIBAR A, UM T R AR EAEARM G R . 5 KIAESE, R B SR I &5 SRAE 2. W&l 1 B
TN, ARMKCRATIEE E 5 NP, — RN AN EG RIS S B 5%, o —RNIREE I %,
U1 Faster R-CNN 5%, YOLO $Li% 1 SSD Hi%.
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Figure 1. Classification of forest fire detection algorithms
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Figure 2. YOLO-TF architecture
[ 2. YOLO-TF %#4

SCHR[8]3R OB LB AE T NVIDIA Jetson Xavier NX JF R _E, FFFDEIXF 26.74 WG HEAT S 46
Mo SRR PIR S, K B EE50E S YOLOv4-Mobile Net V3 5953 & 8 BAE LTE AN AT G 1Y
WA NN RS o SO T v DU EAE B AN T & B S2E ZRAMR KRG I R G0 R SCHR (9] B
Pruned+KD R E R A RIT R E, H'5 YOLOv4 BRI, B HUR AR T 95.87%, AR AL}
[0 T 74.36%, KIATIFIREE R BT 5.80%, 1EHIZFIAF] 99.35%. LLISLHLESE7E NVIDIA Jetson
Xavier NX FF R E, FEFPATH 26.74 it AR BE4T SEHE R
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B NIARBEE . IR BB ST K Tl B M K FH 26 AR A0 25 9 28 ok B R AT A I B2 43 1 "R Sz 3t 107
oA R[] 223 43 0 FE T OB B 590 R-CNIN R 51 B A1 BBy BOS I 592 YOLO R AL SSD
B[],
4.1. Faster R-CNN &%

Faster-RCNN [ 2% &5 472 — NP B HARIGIIHEZS, 2R RAESR UM 248 - RPN il 732Kk =
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%, uﬁt%ﬂiﬁmﬁﬁgiﬁ(region of interest, Rol). Rol i#iid Rol Align = SR X SF R R NS 4253k .
= RN SR A R R AR URFAE I &, GBI Softmax BRETERL H bRANE, @I EIAEHGE B
PRIAFHEALE[9]. WAL R B G 1 ek B, DA SRBA RS B8 =y 2802 ) B AR KL IR 55, W RoR A
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FAN KNG SCHR[ 13158 H 2 HH B3k ) Faster R-CNN RS, DUAAERAAS I AN [ S5 A IR BEAAS R RS 444 R )
JHZEFI K. TR ResNeSt50 £ T M4 5 RFP 456 LARTH 2 REERHERINIGE 77 A 1 $& R FAE =] )5
HEAEMENAGEE, HIEH CloU Loss B4 % B2 AAE Smooth L1 515k R, £1X5 /N H br (I4E 55 F1
KK I R HE () 1) @, K FH Focal Loss 40 K45 25 B #4050 Cross-EntropyLoss itk i 4. @it iz H
Kmeans-++5 5L 0 % ALK @SR 3E4T anchor RSHRAE, DR S SVEIR IR R . &, Sudtn)
FasterR-CNN U155 8 GEAT 250K M FE B2 28 LR TS 56y SRR SR IR SR Kb - Scid i S B AG  Fr ~F- 3
KA T 7.39%, 1EE]T 95.54%, SCHR[14]#2 HEILTE Faster R-CNN (1) 32 W 2% 1 5] NRFAIE 85
BEEER, SEBL T A RO AN R R AR 55 B bR I 80R o 35 SR PSR Y [, OB A I B A Faster R-
CNN 1] LAk — 55 m e B2 o DAKOR T 385 A [B1 26, TERSERY Iyt 45 S0 1B B B, A SR P AR B A SRS
TREATE Z M F AN . 54 BRI R P IS ST IS, A EIRNE S S E0R R R
{51, F&H Faster R-CNN + Merge Box + MR (2 + 1) D [BEAARNESE, 3= B FHR I AE il 5 R Merge Box %
% Faster R-CNN 5 MR (2 + 1) Do J8id SEEG 45 SRR BIGE T BT fE 28 1A 2k

4.2. YOLO &%

NERE Two-Stage HIETRIURFE X Ik 5 . A8 I3 B2 12 55 1] #, 2016 4 Redmon 55 K H AR
RREN A 1), T T ER ) YOLOv 59, ERRECH AR ISR AIA B ks M4k BT YOLO
Z N RA I HET Y[ 15]. YOLO S22 H Akl P L s iz —. 5 JLAE, B%E YOLO RAIH
P SO R R WA Y, A ILTE E SR I AT AR TR R RS, B2 R TS R AN A
B 25 6 E AR A H BT AZAE R SEPr i) @, g5 IR E T YOLO HIEM R JETT 1.

SCHR[16]RIEE T 23 8] & E AL BEHURIRRAF 4 738 B AR B A e . 5 DR AN BB R N 3] YOLO v3
BRI, JERC YOLO v3-SPP-PAN M54, JH rpr s ] & - Bt A A B m] LA AR IR E A4S SRR, RFAIE
& I B AR G AR AT LA ROR AR 2 A B R AE AT 2 RO AR ER &« 2 578 th ok 2t B SO
CBAM JEE i, CBAM Bk il @ il 38 38 v 25 7R 28 803 3 R 7 F A K SR B R AE o 5505 PR i
HESRWEAH HL 455 5 B yolov3 BVEAHLL, AR KRS HERE . A 156 LRI B XA B i BAE 97%
PLE.

SCHRL L7 VR K TR HE I 25 J KM B PR LE B2 15 55 T AGr DI PR S 7D 1) 8, 383 51 N MobileNetv3 H#AiE
PEHUMN 4 . 5 B2 (Focus) Fl1 25 8] 4 785 WAL (SPP) & 5 ARt YOLOV3 Sykib 47 itk PARR myxet ko K AR iR
%5 K ARSI A . Wi 3 BRI MobileNetv3 BT 4[] MobileNetv3 + YOLOv3 #AI4EK), Xt
YOLOV3 BB T M ZAE 85, BORHBRAR TR R . 5] NREERIHURT SPP 4544, 47 AR TIERFHE
BARAN S E A5 B UL S gm0 MRS 1 . 24032 J5 19 MobilenNetv3 + YOLOV3 + SPP 45035 ) Sz K6 il g 52k
F| 61FPS, H ARG AERZR 88.73%, i /& SLEHAR I A 2K
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Figure 3. Model structure of MobileNetv3 + YOLOv3
3. MobileNetv3 + YOLOv3 #E8I4E#
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THEBUN HARRRIE: 55, fH SKNet 12 /I HLEIFT Wlo U 42 5% iR U2 i K I kil it s kv e . 2208
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2S5 0 Bk i R SRR TR B S SRR KR S N A ] R, SBR[ 191 T AR A I 4% A 7Y
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B4 Neck H 1) C3 Al 1, & o R E 00 A FRFERF CARAFE £ 4 Upsample #E8; DLUR {5
TRIE AT 43 B G A EUR Backbone ¥ R RFEREHL . 520645 TR W BT H (% YOLOvVSs-SSKGC % MAP
HIXR] T 94.3%, Z¥&F 5 YOLOVSs-SSK AHELIRD | 38.9%, i micHHkD T 55.9%. £FXA8 d ik K
G KA o ST HRETEAS HL Sl K G AR R FE S S 1, G EEIAE AR (2058 tH— R Tk
#E YOLOv8n Ky EALAR 3l R A AR DSCM-YOLOvS8n, 83l 4 84 FRFEEH T DySample,
SKH Slim-neck 4514 BB AL SR 300 5 Sk 4%, 51 NFE TR IE ML = 10| CPCA, 51\ MPDIoU i
KB, SZELT mAP MIET YOLOVSn 27+ 3.6%- 2.1%, 20 SlikF] 92.1%K1 94.5%, /Mg FE R T A
SHEMTIEE, T TR o H AT RS AR TR I X S A S SR A s ) ) R, SCR[217E 5
5 YOLOvVS B FERiE b, SR F 4% B AL BRI $2 B 4% EfficientNet {54k YOLOvS J& 3= - %% CSPDarknet53,
SPGB, A, RN SENet JE R JIHLHIAR S, DL X 25 X K o ARG I
HEFPE . (] a-loU #KBRERE CloU #2k AR TR B ML 8K, 1% BRI BLRE S (I B ToU 1
B, SELFH AL FEAN R /NIRRT H AR, [F I 52 m A A0 /N B bR iR il M g o S50 B0 WomiZ 7V
mA@O.5P 53| T 87.2%, FPS #TFT 17 Wi, BEIRE T KARAI ) ST

4.3. SSD E%

2016 £/ Liu 25 A42 Hf Single Shot MultiBox Detector (SSD)5iZ: ) LASZEN H A AT 55 (1 k1 2% ,
S FLBY B B ARSI SR R 1 2 I 2, 1% 4% R AT [ B SR DU R AR, AR sz R T
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Figure 4. Network structure of SSD algorithm
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HuidE SSD R A A E T N RHAE S, A — R B RE H AT B 0 — b B, R it
SSD W& 4ERtn 14 5 Fion. Seihas B, ook SSD %Y map {HikF 82.8%, FPS #2713 49, K& ¥tk
SSD #5535 F 7 55 N BOME K H AR, /s H ARAS I RO B4

1 Conv II 1 Conv |' 1 Conv |
Image Convl_2 Conv2_2 Conv3_3
300%300%3 300%300x64 150x150%128 75%75%256
&)
>
H
&)
S
Convll_2 Conv10_2 Conv9_2 Conv8_2 Conv7 Conv4_3
1x1x256 3x3x256 5x5%256 10x10x512 19x19x1 024 38x38x512

B ey M Sy

Fast Non-Maximum Suppression
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% GSSD HEA L SSD HiL ) mAP #2581 1 4.8%, MEEIRA T 1.9 1%, SHEWD T 84.64%.

B oF SR ARAR K5 A I DR, R4 B SCHE T S R Bl K, SCHR[25]%: T TensorFlow FEZE, K
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R B R R GRS DU SF- S AE R 2608 93%, KT FRMATHI AT Hh KA 35 PRI - prid i, H TOU
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TEB 2T . B SeEN 0T SSD Ay RFAE S U 45 52 i i BB ORI A R, 4% SSD 11 3 I 4% H
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Rl b, 5INFHE S T 2% FPN, 152G FCB-SSD. SZU6 45 SR B, W Fh s A 2 /s K He s
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H % CBAM-SSD A5 kAT 45 B Ak 2t . 1 Mobilenetv2 4 T /4%, s 5] B 5k 2245 He B it Bh A4k
PREN 28 o () @A, DLB/ DB S5 TR, RIS . R, i MR R Rl
XA IUDRE FE RS, $2 H 8 P Kmeans SR 00 58 I 4 HH S IO AE R K T L, 15981 gk A5 28 MCB-SSD. 5K
YA LW, fE K5, MCB-SSD # 7% Lt Mobilenetv2-SSD 1% 5 7.43%, Lt CBAM-SSD 7 1.88%.
() ST G, TERMF RS JASERTRTIN RS, SR 5t b (1 K AR T S RTAS IR 2
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