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Abstract: [Objective] As municipal solid waste generation increases, waste incineration has become a mainstream
treatment method due to its advantages in reduction, harmlessness, and resource recovery. To address the challenges
posed by the diversity of flame combustion states and the low efficiency of manual identification in grate-fired
municipal solid waste incineration furnaces, this study proposes an improved flame combustion state recognition
model, termed MSDRNeXt, based on the ConvNeXt architecture. The aim is to achieve intelligent identification of
combustion conditions within the furnace, thereby reducing reliance on manual judgment and improving operational
stability and safety in industrial applications. [Methods] To accurately extract effective flame regions under complex
conditions such as significant brightness fluctuations and dust occlusion, a multi-scale feature fusion (MSFF)
module is first proposed. This module integrates multi-scale feature information and incorporates the convolutional
block attention module (CBAM) to enhance fine-grained texture features in shallow feature maps while suppressing
irrelevant noise. The refined shallow features are further fused into deeper semantic feature maps, enabling a better
balance between local texture representation and global semantic understanding. In addition, data augmentation and
normalization strategies are applied during training to further improve the model’s robustness to environmental
variations. This design improves the robustness and generalization performance of the model in complex
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environments. Furthermore, considering the inherent asymmetry of air distribution on the left and right sides of the
furnace, a dual-region difference pooling (DRDP) module is designed. This module partitions the feature space into
left and right regions and performs difference pooling to explicitly model spatial asymmetry. As a result, the model
can effectively capture subtle inter-regional differences, which are critical for distinguishing combustion states with
significant lateral variations, such as biased combustion, raw material emergence, and material accumulation. The
integration of MSFF and DRDP enhances the discriminative capability of the model while maintaining
computational efficiency. [Results] Experimental results on a dedicated waste incineration flame dataset
demonstrate that the proposed MSDRNeXt model achieves an overall classification accuracy of 91.36%,
outperforming the baseline ConvNeXt model and several comparative methods. In addition, the model achieves an
inference speed of 277.85 frames per second (FPS), which satisfies the requirements for real-time monitoring in
industrial scenarios. Meanwhile, the number of parameters is reduced by 53.43% compared with the baseline model,
indicating a lightweight architecture with lower computational cost and memory consumption. [Conclusion] The
proposed MSDRNeXt model can efficiently and accurately identify flame combustion states in municipal solid
waste incineration furnaces. It provides a reliable solution for real-time monitoring of the incineration process and
supports the optimization of subsequent control strategies.
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PN FRbREE R LR 3. R 3 vl 0L, HHIZ SR
S IR (R A BE A AR, T A SR R T AL
WA BARRINBON I 7, BRI T %3k
HEZE ML IEER. MaE eSS, Jx
NG BR ] AR B A R S

3 TREIMRBERERTEL
Tab.3 Performance comparison among different models

PR Y
B (s
GoogLeNetl? 86.95 86.59 2.07G 5.98M 270
VGGNet?] 85.91 85.72 1547G 134.31M 93
ResNet50123 85.23 84.84 413G 23.53M 158
MobileNet24] 84.89 84.79 326M 2.22M 242

LAY On% F /% SHE

EfficientNet?!  87.27 8710 3.79G  20.19M 323
Dei TSl 88.13 88.09 425G  21.59M 318
Swin-TE271 86.59 86.62 391G  18.95M 85

MobileViT_V2[281  87.16 87.02 181G 437T™M 170
DINOv2-S 89.42 8953 551G 2151M 105
DINOv3-SE 89.70  89.85 433G  21.56M 139

FastViT(3U 88.66 88.84 0.70G 4.00M 162
ConvNeXt-T 88.30 8811 445G  27.81M 256
MSDRNeXt 9136 9132 372G  12.95M 278
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L2 T, AR MSDRNeXt PLZEAA faj i |
i AL FR B = Y ConvNeXt W48 Y, %45 H
T A e BARMES AT A kG, B 5 AR EL
HEREER, 767 AR R AINBCT 3 Fy 23 50 35U
VRS R FN, ERFEFREARETRT, KX
BRIGEIRAS IR TGS FEATY S 35 A0 T AR U ASE AR

Ak, MSDRNeXt X BLak P45 (1) 4 38 F A 2]
278 Mifs, T 4 /T F b AR i) T FRAZ R IR
FrEZE Ty 25 Mitfs 5% 30 Mifs, UL, e SR A
FRIPRBERAS ST IS I () TAZ R TR, UESE T A
SCHE AR TR KRS U A B A s
3.2 iHRMSEIG
3.2.1 i AGARIH Bk SR I

N T ISR A SCHR ) 2 R RS A MSFF 5
WX I 22 4y Ak i e DRDP A 2o, 7648 R ik
PEMSEHE N IE TIHRSEES, TS RIS
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B E % HT It ConvNeXt B 3E Bedr SR BEIR S R 7 115

WK 4, SEEG 1 BB F A IELRRY; SEE6 2 7RSI 1
JLfith - AN Staged; SIS 3. SIS 4. SEIG 5 7ESK
5 2 A b, FEar R G N ERES . Ho, S5 3
5SEIG 4 435151 N MSFF 55, DRDP #5255
A 5] N MSFF #:8uH1 DRDP 54k

FRPEER 4 (et SR FRLR A AL R B R LA 2 R0

K Fy 2080350 88.30%. 88.11%; fEit5 444
Jiti, HatEEMSHES NN 4.45G 17 R EHE
F127.81M. 1] MSDRNeXt ] OA FIFTHH%: T34k
RS SR T T 3.06%. 3.21%; i HEMSHES
AT 16.40%801 53.43%, UEH T A SC R Y
(A 2801 o

* 4 HRASKIRERRILE

Tab.4 Comparison of ablation experiment results

Seug MSFF DRDP Stage4 OA/% F, 1% i ZHE
1 = x v 88.30 88.11 4.45G 27.81M
2 x x x 88.37 88.16 3.70G 12.34M
3 v x x 90.34 90.30 3.72G 12.51M
4 x v x 90.11 90.06 3.70G 12.78M
5 v v x 91.36 91.32 3.72G 12.95M

TE: ORI v AU B,

iFE—L B MSFF A1 DRDP A3 ) 5 5
Bk, BT TR S R GERAS RS I R A [F] 6, S
ZERNAK 5. /iR 5 hsels 2 FIsLEG 3 45T LA
KI: 51N MSFF #idk, BRG] “IEH” “ k&
w7OCTARR” R UHERA R 5 BT, 36 T %
BEHRSEHAN T SORRHIE R 05 FLk, W sEEe 2

FISZES 4 455, 5]\ DRDP Fibk, FR1H 5] « ek~

ke CHZERL” N HER R IR TR, SRR
TBERLX 43 KHGAK T T e 22 S A AR s RIS 25
AP, ARIESLIS 5 45 R, MSDRNeXt 755528
) b R AR R AR TG 2 BRI iR
T, BOAE T S AR BE S R PR TE

*®5 BEMBAARTSIRRIIEL

Tab.5 Comparison of recognition performance for various combustion states

y— S 2 S 4 S5 5
P/% RI% P/% RI% P/% RI% P/% RI%

Filke 87.06 78.72 86.21 79.78 86.67 82.98 88.76 84.04
i AR 92.50 89.16 96.15 90.37 96.25 92.77 96.15 90.37
i HE k) 92.75 85.33 98.46 85.33 98.59 93.33 98.57 92.00
Hekl-Ak 71.23 98.11 77.61 98.11 78.46 96.23 82.54 98.11
TeAmi 97.37 84.09 97.37 84.09 97.44 86.36 97.44 86.36
FE AR 88.30 96.51 85.71 97.67 85.71 97.67 88.42 97.67
e ik 71.84 94.87 74.75 94.87 74.75 94.87 77.89 94.87
E77EN 97.06 100.00 100.00 100.00 100.00 100.00 100.00 100.00
EH 89.05 96.06 89.86 97.63 90.30 95.27 91.91 98.42
PET 94.12 53.33 95.00 63.33 97.14 56.66 95.23 66.67
TRK 100.00 87.14 98.48 92.86 98.44 90.00 98.52 95.71

3.2.2 LU AFAEIH GRR B
KIGBORAR b2 KIEFEE A /Na %, it
HHASFYIRERE (average gradient, AG) SRELLGFH
TEERARRL, ZAEBUR, UIRHME RS MILEE R
B, AURBIN KRGO ) RAERE JbkaE: X
Z B K IBSZ P N 2R 5 . HERN ST
PHEE, BORYSEER A LS B> . T
KIGECPEJE T2 W 2% BT BRI R AR, BRlitk, 7
MR BIEE SN, Wit S RE R Py P80
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RS, S5 R WK 6.

R 6, g sl 2 5 H A SIS A5 R AT R,
LA MSFF BRI ZRid fE
XHKIEI SO RAERE S 9. Ak, X “k”
WE, BT3RS ™, FBUKE XA
A, PIRHEIR LGSO b W T e

AL CHERRTORES, HRBERE R BONRIZN,
PRI FA G pE LA W, AT B AL T A Rl ee
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Tab.6 Average gradient comparison

A
Ao

HER-
B

FE

Sty MSFF DRDP  Staged  £ifiwks gl

iR T fiwbe EMERL i B K& HEK

1 x x v 13831 14530 13437 14707 13736 14259 13524 08976 12480 12339 15136

2 x x x 14785 15306 14489 15447 14643 15059 14513 00498 13543 13662 15826

3 v x x 19840 21042 19516 21297 19674 20574 19492 10437 17604 17642 21612

4 x v x 16894 17562 16666 17752 16798 17283 16606 10356 15463 15495 17817

5 v v x 19966 21200 19752 21558 19842 20793 19656 10568 17698 17815 21550
3.3 FHIERT AL FEE, X KIGEEZE R R =R BHEHER

Sk — 25 IR R TR E R 2 7 M A IG I B AN KA B AR SR B AR A A 3R B
1% TR AR RS E, A e e ESRARAERE 1. XM AR ORHIE RO RE T, A
LG # 55 MSDRNeXt MRHERIUSFest 7 Targ  ABRBER AR & B R (R BR SN
WA HT . AT B A 23 i) 4 A S MR i, AR T AR SO B R R S A U AT 55 b R
X BT A IR B S s, M DRI ACIERE.

7R R OGTE LA, BARSER WP 9 s 3.4 FUMESR
MRS 9 L5 AT URHL,  FEZAA 1 53 X Ik DN TS 6 A PR A S Bk R PR T (1 L A

BAONHEFHEME, AAERETFRENMNEEREE R, B 10 iR T HELEHRT S5 MSDRNeXt X %28
Xi5; A2 N, MSDRNeXt fUeVEHARE K HFE  HIA E AR TR .

©) AR S R
B9 ASExIEE
Fig.9 Heatmap comparison
R I N R gi_ 353 R ; %:0.688 5 SER AL 22 R fH%:0.5136 B AR BUARL: 2 M Y HE#:0.788 5
#:0.996 K 3 3

A XMSDRNeXt: it & A CMSDRNeXt: 47 i f%  f##:0.9974 A CMSDRNeXt: £ iR #%:0.9706

a) 1L b) 72 fhi 5¢ ¢) A fhi e d) e Hikt

FER AL B2 #3:0.8325 BAMEL T A 309051 BELR B E R #%:0.9619 HELR LR A3 {5 B HE#:0.479 0
A CMSDRNeXt: A i K #%::0.920 5 A CMSDRNeXU: i 1K ##:0.9812 A SLMSDRNeXt: i _/Uyl ##:0.985 7 A SCMSDRNeXU: A7 i 4 #4  Bi#:0.860 0
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R HURY: 5 th 4

Rt A H%:0.8887
A LMSDRNeXt

£
AR #%:0.9437

LA

i) 2 A R

RETHE#:0.990 2

J) K

%:0.9485
1 %:0.997 3

10,6451

k) %k

10 11 FAIERBARTS TN G5 R 2T EE
Fig.10 Prediction results comparison of 11 flame combustion states

FH ] 10 7] L, FEZRARRY TR g 22 B K, A7 AEIR
FIIE G, H & 15 BRI A2 R, MSDRNeXt
PITN ARG HE, BEAGE AR R R KT, 7 5RiE
7 MSDRNeXt [RAf i o
35 ot 5itie

A CHELAERIAE RN MSFF #5555 DRDP
Je, BUST R AR AR . Liultd, Jialdl, Shill4l
SN B AR B 2 RO R SR O L e i A R 7t
BEILE SRR B RIS 5 R B &R g
AR MSFF AL 22 ROBE S Rt 5 )
HTBEREEMREE, MUEHA T ERE 5
NSRRI ST, 1T LAY A8 B NG AT
ZE5e R JIATIARR S DTBR TIRZS AR SR AE

AR, [FARIRAE Bt SRS IR AT DS, B 2R
FLROFTE (1) VA TR SR A X ST AR . AR 3 IKFE
SGTRHIE, B GERMAEMSETIRE K. &
PP HEZE AR e 22 e 200, HLad i 38T SR
FRASGIRRI X 3R ™ B Ja B 22 57, AMURCRAK, BAE
KERRE BB Sk R AL BRI 2 . A SCHR
(') DRDP v 4G 25 Akl HE 22 A7 A b 22
S, X HERL HADEIETI IR B AR B B4
Th, RN i 5 A AT R i B e

4 FiLS5RE

1) BEXTBIRAE Bedr b AR et A% b K R S
RR . S2W ST PUomSE i, R AR P
AT BSOS R R, 3R T —AhEE T ConvNeXt
I 2 [ AR MSDRNeXt; 38 i #8615 B IX
S X EERERASEERAE, A R0R G 1P I Y SR AT
M Z S S TR S T KHE DR, sl 1 bz
IRAE R IR BITHERA R3] o

2) it MSFF BLBRFEIZ R 72 M 4845
ik, FREEERINLHIE A TR E SR, 1
5 1R K MBS R PE BE T - FLR, FERFIEIR G
BirBriit DRDP #4K GAP i, ilid tHA AR I /2
AT DO 27y, B I R ZE 5, JF
455 ECATER NI DS ERAEMA R R EIE
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HE—DHTE T AR RIMERR R, JEIAEHERL k.
HH AR 2 A IR AN B i 2 L HR R K

3) WIS A5 AR B, RSO BITE S A bE K
JERAR AR PR TRIME S5 T, BEARUHER 2 5 AT
¥ P B, S iEE] T 91.36%71 91.32%,
FHEIELR BT Tl 5+ T 3.06% 1 3.21%; 1h4h,
PRI SRR R /D 53.43%, FHH T MSDRNeXt B
TR S5 M DL SRR A RS, WA R R
FAL AR AR S U £ R R S

4) RERCEEH I T ELE SR A e K 7 2R
SR T, AFEE—ERRME. 5%, &
TR EE P HER A e X — R e, EH
fkie T 28 5 MR Rz LR 1A 2 s IR,
ZIRT 3 H B RSB, anhy b o R A= Rk
KR B SR T i e 3, S5
S T B EA S e, — e R R T
MR s e, AWM RA I TIEZ
WA, TESEPRISATHES N A e WA et — P iR
WEo a8 TARREAR RSN R B R S B 56 0E
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