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Precise morphological recognition with zonal micro-direction for termites
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Abstract: The partition-based approach is used in the paper to refine the target by indirectly enhancing the salience of morphological
differences. Rotational moment-based representation is provided more directional information, and a multi-layer local spatial
perception module is incorporated to directly associate direction with features. Furthermore, a dual-branch spatial pyramid module is
introduced to enhance the reuse of shallow features and improve computational efficiency. In our experiments, the rotational object
detection method, the key point detection method, and the proposed method are compared, and it is demonstrated that our method
achieves better accuracy and robustness in extracting the direction and position of small targets under higher interference.
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Fig.1 Various types of termites are manually labeled differently
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Fig.2 The overall process of two-stage automatic morphological analysis in this article
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Table 1 Measurement characteristics related to termite types
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Fig.4 Structural diagram of target recognition method based on micro directional perception
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Fig.5 The dual-branch spatial pyramid pooling fast module
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Table 2 Quantitative evaluation of performance of target recognition method in this article
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Fig.6 Comparison of three mainstream rotating object detection methods with this method
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Fig.7 Comparison of the keypoint detection and rotated rectangular box detection
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Table 3 Comparisons of shape index errors between key points and rotating rectangle

U ZOS RNy KA PR 22/ mm BERETTHE -3 22/ mm

DS 0.059 610+0.003 252 0.055 775+0.002 048
%5 0.062 902+0.004 337 0.032 508+0.00 1379
J 0.053 349+0.001 412 0.024 218+0.000 656
ik 0.055 775+0.002 048 0.032 508+0.001 379
JE & 0.061 898+0.005 285 0.041 293+0.090 437
JiE 5 0.089 777+0.004 079 0.085 600+0.005 214

AR R A
3.3 HEEKIE

T 22 REB2s MU CA J7 ik BEH R T BURAE A& ) DSPPF J7 A | SRy B8 I AR SC 7 1 % 31X
2 AL CEEHORE BRI AR AR SEIR BT T 4 8B RINT HE . R IR YOLOVS A5 A IR I 22 )2 Jah i 45 () Jd A
L) YOLOV8+CA #iHI (AL 37 25 0] 4 5 HL ) YOLOv8+DSPPF 15 # | LL K A% J5 4 1 () YOLOv 8+
CA+DSPPF 5% |

4 BT I 45 S e FR AT LLANZE 4 BT, T YOLOVS W & FIJ5 ) FRAE 5 R % 2 4 260 rp
B ARAL 76.5% ; U CA BF 4 DNHEVRA 2% ~5% 1I45& T+ {4 I DSPPF B, AH FC LT CA 4 > FE A i i B2
R R A3 RGN 7% , 35 UE T BUSZ Y 15 )2 3 22 R RRAE A R IO DG 8, i 2 ML | 25
SRG 58 B fie = 85.2% , UEBH T X ARAE SR IBCRARFAE il 5 B5CHE I, XA 8 R0 B AR AT A 30

F a4 ASCHRRGN AR

Table 4 The ablation experiment of our method

ik bt S FEN B G E @ 50 SF-HRS @ 50-95
YOLOVS 0.765 0.856 0.881 0.848
YOLOV8+CA 0.791 0.881 0.902 0.911
YOLOv8+DSPPF 0.835 0.962 0.963 0.909
ARSCTT 0.852 0.972 0.975 0.874
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Fig.8 The experimental results of the model on other species
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