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Instrument panel detection method for oilfield injection station based on
improved target detection model

ZHANG Qiang', HE Zicheng', SHENG Shoudong®

(1. College of Computer and Information Technology, Northeast Petroleum University, Daqing 163318, China; 2. Institute of Geo-
logy, The Fifth Oil Production Plant of Daqing Oilfield Co., Ltd., Daqing 163513, China)

Abstract: In the night operation environment of oilfield distribution stations, instrument panel target detection is limited
by low light conditions, resulting in poor performance of traditional single-modal image detection methods in terms of
accuracy and robustness. This paper proposes a mid-term fusion dual-branch target detection model based on improved
Faster R-CNN, which aims to fuse the complementary information of visible light images and night vision images to im-
prove the target detection performance in low-contrast environments at night. A dual-branch mid-term fusion strategy
for visible and night vision images is designed to enhance the synergy of dual image features. By improving the light-
weight mobile convolutional network as the backbone feature extraction network, the feature expression ability of key
areas is effectively enhanced by combining the spatial attention mechanism. Experimental results on a custom oilfield
distribution station instrument panel night image dataset show that this method achieves 88.92% and 46.87% in
mAP@0.5 and mAP@0.5:0.95 indicators, respectively, which are 5.89% and 4.72% higher than the baseline Faster R-
CNN model, respectively. It shows good detection accuracy and robustness in low-contrast night industrial scenes, while
reducing the number of model parameters, making it easier to deploy on resource-limited edge devices.

Keywords: small object detection; Faster R-CNN; dual branch fusion; mobile convolutional network; attention mechan-

ism; lightweight network; low-light detection; edge device deployment
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BRI R SRARIE R IRBE S . S, HITZ K
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Fig.1 Framework of the mid-term fusion model
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Fig. 2 Improved MobileNetV4 backbone feature extrac-
tion module framework
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Table1 Comparison with baseline model indicators %

i EFmy  MAP@mAP@

0.5 0.5:0.95

Faster R-CNN( H[H]) ResNet-50 80.11 40.29
Faster R-CNN (1 [i] ) ResNet-50 78.56 36.78

LAY WA HResNet-50  83.03  42.15
MDI-Faster R-CNN {43 MobileNetV4_V 88.92 46.87
T IR R G5 AR B b

ST A, 7R SCHE H ) MobileNetV4 VAl e
X453 32 ResNet-50 7Efill G H [8] FI4Z [R] 4 4E 5 T 1Y)
R FE S, £ mAP@0.5 Fl mAP@0.5:0.95 31X 2 4~
fabr E XA AR . 7E B BRI R,
H (B 78 7 A B 45 1 A 3 B L 732 (R4S A 5
g, A SCE MR R T H AR EE B,
AH P A SE H 1 H (R 5T i — 2%, mAP@0.5 il
mAP@0.5:0.95 53] $&F+ T 8.81% F1 6.58%.
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3/~ VEA BT A8 B, 77 4508 532K (float-
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x2 VEAERAEHEHERITLE

Table 2 Comparison of models with different numbers of

VEA modules
pom  MAP@ mAP@ FLOPs/ S/
0.5/% 0.5:0.95/% 10° 10°
VM_0 84.62 42.15 342 18.7
VM_1 86.50 43.68 353 19.5
VM 2 87.03 45.10 36.4 203
VM_3 88.92 46.87 375 21.1
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EARIE T  EAE BRI, BARSHBmT: N
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(ZERE R 1024), FEMRLE EYIZR—A 50 )23 ik 42
532545 (Softmax i i), EIL#F "~ AdamW (] 1R
2] 30.01, AR 13107, YR 10 58) . 4
G RUETFRIC A A, I8 SCRIRELAF B3 £5

Al = Agused — Max (Ayig, Air)

SCEZE AN 3 FroR . AL, AR SR RS
R AT doe i 1 R BT UE B R (85.72%) H i K
115 B 25 (AT =+7.42% ), W358 T 5 W ml &
(+1.83%) SRS (+4.11%) . HISTEE KR,
AT5 mAP@0.5 5 5% 1F # % ( Pearson #H 3¢ 2 4k
r=0.963 ), & BRIl & FRAE B HE 7 10 H AR A 2G5 B
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Table 3 Comparison of mutual information gain and
detection performance under different fusion

strategies %

Rl s Aus  Ap A Al MAP@O.5
TS (PR ) 78.30 7560 —  0.00  80.11
G ERE S — — 80.13 +1.83 8235
PR A —  — 8241 +4.11 84.67
A RS — — 8572 +7.42 88.92
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Table 4 Comparison with single-stage target detection models

- — AT 2 mAP@0.5:0.95/% mAP@0.5/%
FLOPs/10° ZHE/100 ( H [a)/pzla)) ( H [E)/pzla))
SSDP! VGG16 70.00 20.7 76.52/66.29 36.51/30.98
RetinaNet!* ResNet50-FPN 193.75 33.3 82.68/75.03 42.29/36.11
FCOS!"? ResNet50-FPN 342.74 31.8 83.33/75.98 42.87/36.94
YOLOvI1n"! C3K2Hk 6.50 2.6 80.50/70.35 41.23/33.28
YOLOv11s!'! C3K2Hk 21.50 9.4 82.39/73.40 41.90/34.05
YOLOv11m!"" C3K2k 68.00 20.0 84.71/75.12 43.76/35.87
AL MobileNetV4 V 37.50 21.1 88.92 46.87
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Table 5 Performance comparison between our algori-

thm and existing methods %

Ik FTM%  mAP@0.5 mAP@0.5:0.95
SCHR[3 71 % VGG16 83.22 44.02
SCHR[38]5 VGG16 83.34 44.13
SCHR[3915H: ResNet18 83.93 44.20
SCRR[3915 7 VGG16 84.01 44.22
SCHR[4015: ResNet50 84.39 4435

/

SCHR[23159% Cspxﬁj kim 87.93 44.82
SCHR[1814F#:  CSPDarknet53-F  88.40 45.77
AR SCHE: Morx 88.92 46.87

MobileNetV4 V
T M Z RS RAEA S Bt

Y 285 R T A5, 2R SCHR R I O IR AR R D S Ao
K B YIS T R0t RE R B, BUF T 48 S0k
BRI RO o AT R B B SCHER [18] &
12, A ) ¥ IAE mAP@0.5 Fl mAP@0.5:0.95
FARTFT 0.52 % F101.10 %,

Sk B s JUT B AR AR A AR B 5E F 1
Rl P REPLH, B 4 45 T A SCEIAL S YOLOvI In
FE MR A B G 5 ARSI ASCR X L . YOLOw-
11n B EAT B B, (R AEGGR B & | U
20| 5 S DX 35 A G I B I U R i HE D RS 5 A 22
T, MDI-Faster R-CNN fg i #6 & 7/N H b5, A

R P8 DX, 7 i A 65 R 1 5 s ) 3R

ﬂ.

(a) &l

;ﬂv

w oL
OF>; il

(b) YOLOvI1n
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Fig. 4 Detection effect comparison
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F, I i A R KR /N0 640 23R <640 1R
R, LREERIME 6 i
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Table 6 Performance comparison of model parameters
and computational complexity

FEAY FLOPs/10° SHR/10°
SCHR23] 15.8 7.02
SCHR[18) 33.0 13.01

SCHK[39](VGG16) — 23.77
SCHR[39](ResNet18) — 3143
SCHR[40] 29.1 67.43
A 37.5 21.11
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MFE 6 FTLLE W, AR SCE IR R R T
T 5 SCHk [22] A SCHik [23], {5 AH 3T SCHk [40]
AEE — e fb s o), fES80E i im, Mg+
GAFFE? il CAPTM!) 3 19 Fh B A7 A5 78, 7 S
T 22 AV 5 R RS B2 0 s (A O, AR S R
D PRI, TR BRI 21k A R
T HAT —E
3.6 MBZIEEMBEMESH

Sk B E T B AR TR A B R A7 BR 1 A% b A ERE AT
1T, ASCHE—XF b T & A BUTE Jetson Nano I
PIHEFRROR . B BRI FLOPs . S8 54514
SR, MR IR I G A TR 5 O 4 4 3
IE, SCHY R FH PyTorch S2EL, % A KR N 640
640 43 HE K, iz 173554 Jetson Nano(4GB RAM,
JC TensorRT fINEE ) . PERESS RN 7 Fizs o

3 7 Jetson Nano 35l T4 88 fh i+ 3% Lk &
Table 7 Jetson Nano measured performance estimation
comparison table

FLOPs/ Z4it/ mAP@ JHFEWIZR/ AT/

R
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SR BOE BT ) S YOLOvV] In S8 % f A5
AU 2 R 37 S5 b 22 DRy A I ARRAAS: I
55, B RUATY HL 2 58 (B, R 1) A 1 R S A
I35 T o R o TensorRT AL | 4% 44 B &
Gt — P SRR
3.7 SHiiESES BRI AT LS

hy AT BTAG BT 42 MDI-Faster R-CNN 5 1 {F £2
AT T e, A — 2% 5
AR HA R W e ik Z 808 B ARAs I 5 ik itE 47
RGN, ik LA A 15 5L T A L R
B IHLE A BB R, BAR L4 : MAF-YOLOM!:
— ol T 1) 21 A0 =] UL Rl A /0N E A A T AE 2
FIAZ R [ 35 N -G A 5 38 18 -2 ) P [R]
B 2 2 RA L ——MMFDet ¥; i@ i
20 AR IR EE 1 | RS 22 5 B AMS B &
SRR BRIz 8 2 BB 2 2 S
H A ; CM-YOLOM!: Sk F i #A8 1E B AL, LA
BEREXT L1 Ah- RGB RIS 46 1) B AIfE T ; DAFNet™:

6
YOLOvlln 160.95 12(.)60 0.53:(3):22/% (Tﬁ:(s)) Isnss.6 LR £ A AR T S BURAE R LR,
YOLOvlls 21.5 9.40  34.05 72 1389 ”H\ﬁﬁ@;igﬁiﬁt?%%%@ﬁ%ﬁﬁ%’ Hit
YOLOvIIm 68.0  20.00  35.87 23 4348 BB T L CNN-based J7 3648«

\ JIT AR LR AL 34 7E A SCRE S 1 il E TG 3
HETISS 70 s 86 63 g LT AT IS R, A
SCER[18]  33.0  13.01 45.77 41 2439 BN R G — oy SRS BRI A COCO FfE T 1Y
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Table 8 Performance comparison with cutting-edge multimodal object detection methods
Y FT M4 mAP@0.5/% mAP@0.5:0.95/% FLOPs/10° /100

MAF-YOLO"! CSPDarknet53 86.41 44.93 28.7 15.2
MMFDet!* MDCM 79.25 42.18 423 3.5
CM-YOLO™! CSPBlocks 85.89 43.76 24.9 17.0
DAFNet!*! Feature Encoder 86.77 45.02 31.5 18.9
AT MobileNetV4 V 88.92 46.87 37.5 21.1
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Fig.5 Comparison of heat map visualization
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Table 9 Multi scale hierarchical mutual information

gain analysis %
FRERG-FREESK A Ar AR
stride-8 762 738 85.7 +9.5
stride-16 715 70.1 78.3 +6.8
stride-32 654 672 70.1 +2.9
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