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Lightweight Counting Model for Taishan Red-scaled Fish
Based on Improved YOLO v8

Tong Zhimin' Li Changhao' Li Xiusong’® Zhou Yu' Zhao Yao® Meng Xiaojun'’ Rong Lihong'
(1. College of Mechanical and Electrical Engineering, Qingdao Agricultural University, Qingdao 266109, China
2. Qingdao Big Herdsman Machinery Co. , Lid. , Qingdao 266000, China
3. Key Laboratory of Intelligent Livestock and Poultry Breeding Facilities and Equipment,
Ministry of Agriculture and Rural Affairs, Qingdao 266000, China
4. School of Mechanical and Electrical Engineering and Consiruction Engineering,
Haidu College Qingdao Agricultural University, Laiyang 265200, China)

Abstract: The Taishan red-scaled fish ( Varicorhinus macrolepis) is a kind of high-end edible fish species
with high economic value unique to Taishan area. It is still mainly counted manually in the fishing season
and daily breeding. In order to realize the accurate identification and counting of the breeding and fishing
process, a lightweight identification model ACSS — YOLO v8 was proposed for Taishan red-scaled fish
based on YOLO v8. Specifically, multiple structural optimizations were integrated to balance detection
accuracy and computational efficiency simultaneously. Firstly, the AIFIC module was used to enhance the
model’s ability to process high-level image features, while reducing parameter volume and calculations.
Secondly, CAFM was added after the AIFIC module. By fusing global and local features, the detection
performance of the model was enhanced. Then a neck network was designed based on the star blocks
structure. This design enhanced the feature expression ability of the model and further reduced the
computational complexity. Finally, SEAM was introduced to improve the model’s ability to recognize
occluded objects, and further reduce computational redundancy and memory consumption. The
experimental results showed that the P, R and mAP,, of the ACSS — YOLO v8 model designed reached
92.6% , 85.8% and 89.7% , respectively. Compared with the YOLO v8s model, the number of
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parameters, GFLOPs and memory usage were reduced by 20% , 25% and 20% , respectively. The

counting module was developed to provide intuitive visual feedback for practical application scenarios.

The experiments on the counting module and Jetson Orin Nano Super deployment showed that the

visualized counting module can intuitively display the number of objects, and the image inference speed

reached 30 {/s, which can meet the detection requirements of complex on-site environments.

Key words: Taishan red-scaled fish; counting model; YOLO v8; lightweight; edge computing
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Tab.1 Results of ablation experiment
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Tab.2 Result of comparative experiment

LR B K%/ % A/ % mAPs, /% E2i6 IF RGBS M AT & F i /MB
YOLO v5s 91.8 85.2 88. 4 9.110 x 10° 2.380 x 10" 17.6
YOLO v7 — tiny 92.0 84. 1 86. 8 6.010 x 10° 1.160 x 10" 12.3
YOLO v8s 91.9 83.2 86.7 1.113 x 107 2. 840 x 10" 21.5
YOLO v10s 91.8 84.5 89. 1 7.220 x10° 2. 140 x 10" 15.7
YOLO 11s 91.6 85. 4 88.3 9.410 x 10° 2.130 x 10" 18.2
GhostNet — YOLO v8 90. 8 81.0 85. 4 5.920 x 10° 1.610 x 10" 11.6
MobileNetV4 — YOLO v8 71.9 71.5 76.7 1.063 x 107 3.390 x 10" 20.6
StarNet — YOLO v8 83.0 75.9 80.5 6.540 x 10° 1.730 x 10" 12.7
ACSS—YOLO v8 92.6 85.8 89.7 8.930 x 10° 2.130 x 10" 17.3
NanoDet - - 70. 1 2. 800 x 10° 3.900 x 10® 1.2
NanoDet — RepVGG - - 79.9 7.400 x 10° 1.139 x 10" 28.3

5 YOLO v5s . YOLO v7 —tiny ,\YOLO v8s,YOLO 1.4.4.3.13.0,9.2,19.6.9.8 H4rfdi, ESH

v10s . YOLO 11s GhostNet — YOLO v8 ‘MobileNetV4 —
YOLO v8 . StarNet — YOLO v8 NanoDet fil NanoDet —
RepVGG HERIAH LG , 7% SCHE HY A0 A58 2 530 30k 10K 1y %
M1 N mAP 8 bx EAOL T B A X e A . AR
H LR IORS B AR R R 3 B2 T T 0.8
0.6.0.7.0.8.1.0.1.8.14.7.9.6 {4y & ; A R
4RI T 0.6.1.7.2.6,1.3,0.4.4.8.14.3.9.9
AN 3 5 mAP W 3 R T 1 1.3.2.9.3.0,0. 6,

F,ACSS—YOLO v8 # YOLO v5s.YOLO v8s.YOLO
11s 1 MobileNetV4 — YOLO v8 ¥F Fr i /b, (B 5 %
RERA I, RS BB . 07 mis i b i
PEA B g A T YOLO v10s, KRG T YOLO v7 —
tiny . GhostNet — YOLO v8, StarNet — YOLO +v8,
NanoDet 1 NanoDet — RepVGG, H 5 YOLO 11s F
Vo fa L TEAAE S T, ACSS - YOLO v8 /N T
YOLO v5s,YOLO v8s,YOLO 11s f1 MobileNetV4 —



154 o AL B ¥ i

2026 4

YOLO v8 {H K T HAh# A, YOLO v7 — tiny, YOLO
v10 Al YOLO 11 J& YOLO # 31| i %2 & fk iR A, i
GhostNet fl StarNet £ IT R EZH X B W R =L W
2% DAL MG R 7 A A 1) A ) 2% TR T i AR AR A
NanoDet i1 NanoDet — RepVGG B AR E S & 75
is B AN AE T B T AL H RS
Ak, A ARSI A ACSS — YOLO v8 H5 HU 75 &
Sy AL AR AR RN — X LR FE AR S B E
RS A A R A mAP SRR B SE L T, LR
it A Yl VR RE, AR SCER Y Bl R R R ACSS -
YOLO v8 75 [ i %8 1y o 9% £ K4 4 F A L HE At 5 8
Jre LA B OB A 25 PR E
3.3 WMERILLSHT

N TR 7R PR AR 5 R R A 3 0 AR R Y
SCHEROCR I T 3 R UG R AR IC B 4R KR, O
BT XMW ) YOLO v5s,YOLO v8s . StarNet — YOLO
v8 .MobileNetV4 — YOLO v8 Fi1 ACSS — YOLO v8 4
ARG AR 5 o TRT 10 Sy S ] A 2 A 0 495 2R 0o L T
P X A B ) G I 35 2R ] i, b R AR R AE H bR G Y
FZK BT 045 46 18 T RRAE SR ORE J1 W A 2, AT
FECH bR R (L0030 FAE AR TE ) A H AR
I o3 FREBR 1) A5 18 LAY & AR L 7E YOLO vSs
(A5 1 A I P v b BT A A A e e 4 e T
T O (B (A FHERRTE ) o 7E ACSS — YOLO v8 £&
0Pl IR ACSS — YOLO v8 B3R 51 T 767k
Jo SR 1 14 45 R 32 e, R IR IR A Y A
F1 L AT A5, H ATFIC BB SC B T 360 i A AR Y 2 5
CAFM 8 12 T 1 58 B A5 52 Z 3R 355 v iz AL RE
17 SEAM 5 5 I #1455 28 4G 00 36 14 H 4 14 fE
ACSS — YOLO v8 i B 7 & 2 37 55 1 & 4 1 75 2
BT R ACSS — YOLO v8 # YOLO v8s 5 KAy
o I BE 77 .
3.4 RULFRSEEGRANANESHF

AR A HiResCAM £ A i 47 # 58 PF Al o 4
11,/ 1la ~11c EREGEEG, ® 11d ~ 11f
£ YOLO v8s fy# 1 K, Kl 11g ~ 11i && ACSS —
YOLO v8 fy#AJy &1, AR I 11d ~ 113 (% L n] LA
F Y, YOLO v8s 78 2% 111 7k i £ (1 i1 AT 55 v 77 76 B
AR Ay E ) BARR I A4 H AR AR T
i, LA KT AE BAR DU AR 1 . FERT 1L o,
TS TR Kl T 5 % A 42 48 A DR ) O AT SBURRAIE , B
L HAM ) T P15 B A RE 0 5 42 UM RE 1 A A
o MILZT, Btk Ja iR B 58 T 5 ) o0 A R
EhHAF. EAREEXE, EE N FERET
00 Sk BB 5 FE H bR B X8k, e ) W) 7 5 A AR
Ko R AN A R ATFIC K838 i 2 RO

(a) FHR ISR

(b) YOLO v5s

(c) YOLO v8s

(d) StarNet-YOLO v8

(e) MobileNetV4-YOLO v8

(f) ACSS-YOLO v8
P10 A [ 55 A A 0 235 2R %) L ]

Fig. 10  Comparison image of detection results
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