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Abstract

The quantity of blood cells plays a crucial role in disease diagnosis. Although automated hematology
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analyzers have become widely used, manual smear preparation and microscopic morphological exam-
ination are still required, resulting in heavy workloads. To address this issue, this paper proposes an
improved blood cell detection and counting model. A color attention mechanism is introduced into an
early YOLO model to exploit the color differences among various blood cells after staining. A light-
weight fully convolutional network is employed to weight the feature maps, enabling the model to focus
more on color features and thereby enhance detection and classification performance while maintain-
ing low computational cost. In addition, to tackle the challenge of counting adherent and overlapping
red blood cells in blood smear images, the Mask R-CNN algorithm is adopted for instance segmentation.
Compared with traditional watershed and contour-based methods, this approach can more accurately
distinguish adherent red blood cells. Experimental results demonstrate that the improved model
achieves lower training cost and higher recognition accuracy. Finally, a Python-based desktop applica-
tion has been developed to integrate blood cell detection, counting, and segmentation, effectively re-
ducing the workload of laboratory personnel.
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(k223245 , P DU 5 iR FEE 2 >0 v e DL PRI f FEE 9 2% 1)t , 4 e B AR I SR e A AE R P« Leda Kamal
SN 746 K SHEEEMEUR A EE A B3 58 A SR 22 N 25 (ECNN)IE AL, FH T B 3k I 44 g
Gy FIFA G 26 il I P E PR MR K A A B ER, B S T BB E N4 R HER 7 . Najmeddine Dhieb
EN[10]H 7 —FpdkT Mask R-CNN AR FE 2% 2] (1) B B0 44 M4 i HB0R0 73 2RAESE, did 45 & S 7y B4
ARAT ResNet-101 FEAEHE IR 28, SLHL 70 2 F908% L% P BG4 E 28 P 2140 MR 1 200 B 1Y) v FEE 1)
SR
3. AT

bR I &5 SRR E A B GE THT %% | O KE 2, (HRE 2 TAERIBFEA R 24 : (1) M+
TERERMA MBI R R Z RS RKAEMEERS, HiHUER TEZAME. ) REZ MRSt EEERE
F B ARAS SRS, /b of 1f 4 R cotis A 1 0 1, I R AN T 5 1

BN LA AN L, SCARPR T — R R Al ——YOLO-MaskRCNN: (1) 7£J5 K[ YOLOvS H#x
R AR I N BT R IR, AR SR LE v B AR N A ARRAE, B TR R R AR

DOI: 10.12677/5a.2025.1411318 150 Gt 5 8


https://doi.org/10.12677/sa.2025.1411318

EXRK

J3E, A ELSE AT ALK 21 R 58 R (mAP@O.5)FET SR . (2) A Mask R-CNN AR AL ST Rt B 4F
LA X AT o E)” ST, ARG R G BB LA . DL R AR A
EEAH R

N T BAIE AR 20 0 73 2R T BOSOR , ASCAE A TT LA BB 46.(8 Fh il 40 ) _E A7 xR TG, I
T EE BRI R AR BE 5 D TR AL 4 R 58 v v 2P

4. YOLO-MaskRCNN & &/
4.1. YOLOvVS
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Figure 1. YOLO model target detection principle: predict target location and category information through one deep net-
work
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Figure 2. YOLOVS internal network structure
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4.2. Mask R-CNN
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Figure 3. Mask R-CNN model internal structure and operation process
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Figure 4. Internal structure of color attention module
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Figure 5. YOLO-MaskRCNN model basic structure
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Figure 6. Some images in this article’s dataset, including three types of white blood cells, blood cells, and platelets
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Figure 7. Comparison of mAP@0.5 before and after adding color attention mechanism to YOLOvVS model

& 7. YOLOvS &M B & EE AHEHIFIE mAP@0.5 3t

Table 1. AP of the two models for identifying different blood cells and mAP@0.5 of the overall model
%= 1. AMEENA R E MM 4RARAY AP LURARE 2R mAP@O.5

ANEZ 4 A AP
it BA RBC NE PL EO IG LY MO RBC2  #EBf  mAP@O0.5
YOLOvSs — 0.987 0.975 0978 0.760 0.995 0.995 0974 0986 0.765 11.25h 0.935

YOLOvSs
+ it S 0.990 0.977 0.984 0.879 098 0996 0971 0973 0.800 12.52h 0.951

T P RSEIS R B, FEFIFERISEIRIAE T, 78 YOLOvSs B8 rh in N 7= JipL e, B2 7E I 2k
R # H mAPO.5 ¥ T JEUUE AL . [R] Ik I A A 45— S i A AR TR 0SB, mT LUK BN
3 7 JE A BN /AR (PL) ARG 21 40 B (RBC2) TR AR A B AR T, X i BH A €y 7= 0 N s e ik
XTI R AIE (1) S R B R TR1 /I E b DA S B 285 H s ME R Sl ) e 8

(2) IRABEE R IHUI R I At = T AL B :

EARZ SCE P YOLO SykM H br ka2 gk in N T SENet 38 & 73 & /1 MLl (Squeeze-and-
Excitation Networks) [13], i1 5| NGB, B S 5 InBCRE M@ TE )RR, 52 m 2% R R
ReJIFI Ay 5Pk RE. BfAkil, SENet 8T 4R it fb E4a A @ s s B, REiEd ez
Sigmoid 0% B AR AR IS AR, X EERE T AR AR R IR I, AR N 4 B OV E A IR IE . A

'mAP@0.5 & BRI PR F I EPERETRAT, 2OR ATINE 5 HIAHER B L (IoU) 0.5 I, THEAFN KPR (AP),  FExT
PV ST A ME, S AR AR R 1) FAR J2 T A0 s v 11
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Figure 8. Comparison of mAP@0.5 and mAP@0.95 of three groups of experiments during training
8. LT FIEF =ASELE mAP@0.5 UK mAP@0.95 Xttt
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Table 2. Preliminary comparison of the two attention mechanisms
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Figure 9. Comparison of mAP@0.5, mAP@0.95, Precision and Recall metrics of two attention mechanisms
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Figure 10. YOLOVS target detection effect with color attention mechanism: images from the test set (a) and from other datasets
(b, c,d)
10. FHEEEEHNHER YOLOVS BARENIER: EGkBMIRE()FkBHEMEIRED, ¢, d)

DOI: 10.12677/sa.2025.1411318 157 il 5N H


https://doi.org/10.12677/sa.2025.1411318

FEXRE

6.2. 18 MaskRCNN ZB4y BV

MIRLGHT 621 KA H IR 180 Tk A REELLAN ML BT A VR B 4R . %R 15 80%, batch size 4
8, 100 %o FUIZREF AR ARG I 4R Hh B B B 2L A B AT sl 0 &, TS T B O RCR,, ORIl 11

D

Figure 11. The trained MaskRCNN segmentation effect on adhesion blood cell instances
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Figure 12. Enter an image of blood cells into the program
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Figure 13. Perform blood cell tests and counts
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Figure 14. The program segments and counts the red blood cells adhered to the image
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