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Recognition of flame combustion state in garbage incinerators based on
improved ConvNeXt

ZHAO Zheng, DU Kejiang

(Department of Automation, North China Electric Power University, Baoding 071003, China)

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
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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 environments. Furthermore, considering the inherent
asymmetry of air distribution on the left and right sides of the furnace, a Dual-Region Differential Pooling
(DRDP) module is designed. This module partitions the feature space into left and right regions and performs
differential 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.

Keywords: waste-to-energy; flame images; attention mechanism; multi-scale feature fusion; differential pooling
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BGINREME ORRE— 8 SRR R4 B 1 HAk
PR FRbRES R WK 3.

HHE 3 0l 0L, LR HLR BT 5 SR AL R ) 1
REAFDOT AR, 171 A 18 T PR i S 25 A SR LA
R, (HRHEE SN T 2k BRIV 30
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i AL FE B = Y ConvNeXt 48 Y, %45 H
5y T 454 BARAT S5 34T 505 P odeadk, 383 51 Ak
HERRLHR, T8 5 SRUER R AINBCT- 3 Fy 250 B EUS
TERAEL R FR, ERFEFREANETR T, HX)
PRIGEIRAS RIS FEATY S 3 A T AR U ASE AR

B Ak, MSDRNeXt X B P45 (10 4 3 FE A 2|
278 Mifs, i 4T F B AR T ERAF R IR
FEFRIEH N 25 Wi/s 8% 30 Moi/s, DKk, 2 bk aE
eI R PEIRAS S WS ) TRESR B /R, UESL T A
SCHE B RLAE K AR R o B A
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Tab.3 Performance comparison of different model

pm OAI%  FI% Uléﬁ sy o
i (i=sL)
GoogLeNet[1] 86.95 8659 2.07G 5.98M 270
VGGNetl22 8591 8572 1547G  134.31M 158
ResNet5023! 8523 8484 4.13G. 2353M 242
MobileNet(24 8489 8479  326M 2.22M 323
EfficientNet[2s! 8727 8710 379G  20.19M 93
DeiT-S128! 88.13 8809 425G  21.50M 318
Swin-Ti27 8659 86.62 391G  18.95M 85
MobileViT_V2P8 8716 87.02 181G  4.3™™M 170
DINOv2-S29 89.42 8953 551G  21.51M 105
DINOV3-SE 89.70 8985 433G  21.56M 139
FastViT31 88.66 8884 070G  4.00M 162
ConvNeXt-T 88.30 8811 445G  27.81M 256
MSDRNeXt 91.36 9132 372G  12.95M 278
3.2 jHRSEIE

3.2.1 WM AE AR AR R IE

T IRAEASCER H 1) 2 RE A MSFF 5
WX 38, 72 4y WAk K e DRDP #4251tk , 76 AH 5] (15
WEMSEOEE FUROT THAsEES, Prangs e
WK 4, SZI6 1 BRI, St 2 ARSI
1 Al F#RHN Staged; SZIG 3. SEIG 4. SEIR 5 ESK
3 2 (A b, IR RIS R, Hod, sig
3 5520 4 43515 N MSFF 1k, DRDP bk, sz

5 5 AR 5] N MSFF 5L f1 DRDP ik,

MRYESR 4 MLE R, FRERAR AL B R v ff 2 R0
K F1 2380739 88.30%. 88.11%; fEitHE 4
Jiti, HatEEMSHES RN 4.45G 17 R EHE
A1 27.81M. 1fj MSDRNeXt (1] OA RIFTHI%: T2k
RS BHRTE T 3.06%. 3.21%; i+H EMSHE S
BIUR T 16.40%F1 53.43%, UEH T A SCEsIEAR A
(A Bk

R4 HRASLIREERITEE
Tab.4 Comparison of Ablation Study Results

= MSFF  DRDP Stage4 OA/% Fl1/% i ¥
5% =

1 x x v 88.30 88.11 445G 27.81M
2 x x x 88.37 88.16 370G 12.34M
3 v x x 90.34 9030 372G 12.51M
4 x v x 90.11 90.06 3.70G 12.78M
5 v v x 9136 9132 372G 12.95M

e SIS v RN .
it W B MSFF il DRDP R B (1) Al TR,
[ B B S PR BIRAS RS e A [l 3, Sea &
W% 5.

*5 BEMEARTSIRRIRIEL

Tab.5 Comparison of Recognition Performance for Various Combustion States

— S 2 %5 3 S 4 S5

P/% RI% PI% RI% P/% RI% P/% RI%
Fiffbe 87.06 78.72 86.21 79.78 86.67 82.98 88.76 84.04
Ak 92.50 89.16 96.15 90.37 96.25 92.77 96.15 90.37
TR} 92.75 85.33 98.46 85.33 98.59 93.33 98.57 92.00
HEk-AE ) 71.23 98.11 77.61 98.11 78.46 96.23 82.54 98.11
Fe e 97.37 84.09 97.37 84.09 97.44 86.36 97.44 86.36
e Ak 88.30 96.51 85.71 97.67 85.71 97.67 88.42 97.67
T ikl 71.84 94.87 74.75 94.87 74.75 94.87 77.89 94.87
E 774N 97.06 100 100 100 100 100 100 100
IE# 89.05 96.06 89.86 97.63 90.30 95.27 91.91 98.42
KL= 94.12 53.33 95.00 63.33 97.14 56.66 95.23 66.67
[P 100 87.14 98.48 92.86 98.44 90.00 98.52 95.71

TR 5 Rz 2 RIsEEG 3 gE AT LLR B, 5l
A MSFF s, FALRE] “1E%” “k&m” “m
FUK” KRR B 2 BT, B0 1 %A R
T SORRHE MR s FLR, AT aRis 2 FISEE 4
g5, 5|\ DRDP f5ig, BRG] “HERL” “fRke”
“CHAERL” RAIMHERR SRR BT, R TRERLX
Ir KIEKE 7 BRI 2 S (P A s [N &5 P AR B
HRAE SZ56 5 (45 5, MSDRNeXt 78 %255 b (iR 5
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3.2.2 L IAFAETH BRI
KIGEURAT b KIGF 8 A/ Na %, vt
B P I8  (average gradient, AG)K &G
BRAEFE, AZMEMOR, U WIRHIE B & 1L 245 Bl
F5E, AR KIS ) RAERE J1kE; R
MIEIA K IEZ I N4 IS . HERLSET- PRy
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R, AR B A S E B . BTk
YASCHL R TV 2 M 28 BT 32 BB RAE, DRIk, 7EAH
A BRSNS L Py TR Y
THRARSEEG, 4RI 6.

6 1, H LLEe 2 5 Ho A St i 45 S nT A,
BRI MSFF S, 7ERERLI 2Rt fE

X RIERI SR RE T . Besh, T “dp”
WA, BT RIRANER M E, S B XA A
T AT EREE I G S AR X B D s T Abe”
ALY CIBURT RES, HIRBEREEEONRIZY,
PR FL B AR K, AT B AL T AN Rl be

R 6 TERBELERIILL
Tab.6 Average Gradient Comparison

s MSFF  DRDP  Staged fifh pagis] FiHfe HE K- I A £l o s e kjﬂ% A
L3 e R Bl R e R B = K

1 x x v 1.3831 1.4530 1.3437 1.4707 1.3736 1.4259 1.3524 0.8976 1.2480 1.2339 15136
2 x x x 1.4785 1.5306 1.4489 1.5447 1.4643 1.5059 1.4513 0.9498 1.3543 1.3662 1.5826
3 v x x 1.9840 2.1042 1.9516 2.1297 1.9674 2.0574 1.9492 1.0437 1.7604 1.7642 2.1612
4 x v x 1.6894 1.7562 1.6666 1.7752 1.6798 1.7283 1.6606 1.0356 1.5463 15495 1.7817
5 v v x 1.9966 2.1200 1.9752 2.1558 1.9842 2.0793 1.9656 1.0568 1.7698 1.7815 2.1550

3.3 4FERTAL 1L

- -

Rt — 30 DA 2 1 560 E AR 2R 2 75 M KCHE 1
B AHIEA IR, A S $4 g B 82050 i
LA 5 MSDRNeXt HIRHESFRPUSFEREAT 1 W4
ot o BT DL 7 8] 43 A7 I R AIE VB
DX el B 1T 4Tt RN R DG BB Ry, I IR £
DR O BORAIS, BRSS9 Frow.
V"‘_ it R R it AR

9 HAAEXTEE
Fig.9 Heatmap comparison

MR 9 28 SR v LI, SR BT (1) DGV X 3k
BUNAEHWERZE, A RBRT I/ b
Xim; A2 N, MSDRNeXt focyF: i AH 58 ok FLEE
FEHE, SHKIGQUEEZ R, AR ER . BEHER
oy BRIR K207 B AR S B R IE A 3R B A
TR RAERE /7o X PO LAFFIE AR RE T, A8
IR RERE A X 7y ST 4% MACLEE s R 2001
BT A SC R4 AR AR & 0 UIMT &5 B
MRz A B -

3.4 FMZE R

N TR R A TR A S s e BRLG R  f BL A
T, 10 JEaR T LR AL ) MSDRNeXt X &2
S R ARTOMESR . P 10 AI 0L, JEZRAEAY TN
WZEE R, FERAMME, HESEBK;
FHLEZ T, MSDRNeXt [Tl B Ag e, BA5E4Edr
TER K, R4 50IE T MSDRNeXt AL #k A
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MSDRNeXt: 1iffikt_Prob: 0.9974

Class: A2 HEF}
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MSDRNeXt: /it Prob: 0.9706
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Fig. 10 Prediction results comparison of 11 flame combustion state
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FRRFAIE .
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ORI 21 ST PUomaE )@, (R AR b M oy A
AMEC R S5 R, $R T —FiET ConvNeXt
R 2% ) e E AR A MSDRNeXt; @it #5754 15 B IX
. X RER AR, A SOk T R N SRR
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2) @i MSFF HEHRE 2 RS [ 2 X 2
fE, HEEE PGS GR 7R R IRE M % E
B T AR K G SR RE 1. FLIR, TERRAE
KEWr Bt DRDP B4 GAP #itk, it vh 54k
TERAE A ¥ DB RRAE 220y, Ak KA P I Rk e
XS, P8-S ECA VERESIHLHI DGR E58 B
PHEEE R, H—DRA T R R, T
FLAEHERL RbE. AR S A RN Y i 200
PETHIRE B K

3) XTHSEIR 4 IR RH, A SRR A e
KIGEHRE PR IRBTSS 1, BEARAER 5 AL
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