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Deep learning model based on Transformer architecture for
peripheral blood leukocyte detection
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Abstract ; Although blood cell analyzers have been widely used in hospitals, the manual microscopy is still the “gold standard” for
leukocyte detection. In this article, T-DETR, a DETR-based deep learning model with Transformer architecture is proposed for the
detection of peripheral blood leukocytes, which aims to relieve the pressure of manual microscopy. First, PVTv2 is used as the backbone
of DETR to extract multi-scale feature maps to improve detection accuracy. Then, the deformable attention module is introduced into the
DETR model to reduce the computational complexity to accelerate the model convergence. Finally, to obtain the optimal weights, the
training method of transfer learning is used on the filtered public leukocyte dataset. Experimental results show that T-DETR has an mAP
of 0.476 on the COCO dataset and 0. 954 on the leukocyte dataset, which is better than DETR and the classical CNN model. Results
verify the feasibility of the Transformer structured model for medical image detection applications.
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Fig. 1 The proposed model pipeline framework
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Fig.2 Architecture and detection process of DETR!™
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Table 2 Parameter settings for model training

%] pIe/E S U EyiEy Ak s B B &S B ftERN AR/
T-DETR €OCO FS AdamW 2x107* - 1x107* 70 4 229
DETR Raabin TL/FS AdamW 1x107* - 1x107* 100 8 11
T-DETR Raabin TL/FS AdamW 2x107 - 1x107* 100 4 24

Faster R-CNN Raabin TL SGD 2x107 0.9 1107 100 8 11
YOLOV3 Raabin TL SGD 1x107? 0.9 5%107* 100 8 9
2.4 ERHW FUCTTIR W SK, W 84K i % DETR R, H mAP fH & F

ARSI FE BN 3 R4

1) SE 86 J& 78 3R 55 09 R AKCE L4 R ( Microsoft
common objects in context, COCO) £#E4E I XF T-DETR
17 FS %, 4 T-DETR 7€ F 40 i 598 4 119 TL Il 24
PEFNZACE , SIIZR T 70 S5k 7E56 61 46
W mAP B KA 0. 476, I Zrid R anE 4 FiR .,

2) LIS PR IN A, B, 1E AR IR B 4
%f T-DETR #1 DETR #47 TL %, 9 2 B T A 1
K BT COCO %aE, W& 5 i, T-DETR #£55 40 4~

DETR. #RJ5 ,7F 14 %4 45 LX) T-DETR 1 DETR #
17 FS Y%k, VI DETR ANEEULEL, H mAP {H—HE N
0, HILE R AR ER, BIR T-DETR # FS Il 25t
REMSAIC T TL Y2k, (B33 T DETR /9 TL Il %%, hen]
W BT R T-DETR {£F DETR F#:fE, H TL 144
BT R RE

3) HB A3 5L v, 7E 40 M R A L XF CNN B AR
Faster R-CNN 1 YOLOv3 #£47 TL Il %k, #5 21 fe fIt Al 4 71
ASCE DASIC B P 20 Pt g RS I 53000, an &l 6 i, YOLOv3



o555 M %

UK A5 BE T Transformer 25K AT 8 27 2 AR TS0 1L 11 4 G D 117

mAP

TNAAAAM A 6

0 10 20 30 40 50 60 70
Li27N
K4 T-DETR 7£ COCO Hfask ERIYIZA AN mAP
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Fig. 6 mAP of each model on the leukocyte dataset
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Table 3 Detection performance of each model
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Fig.7 Detection performance of each model for

each type of leukocyte
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Fig. 8 Local magnification of leukocyte detection results for each model

(c) T-DETR B TL I %k
(¢) T-DETR model TL training

=e ¥ B0 B

R 0L 828 ot L8y e e By
(d) T-DETR R FSIl % (e) Faster R -CNN#E® TL | 25 (f) YOLO v3 #RITLIZR
(d) T-DETR model FS training (e) Faster R-CNN model TL training (f) YOLO v3 model TL training

P9 AR A 20 I PR RSO G0 235 SR A Jey B K ]

Fig.9 Local magnification of the results of each model on leukocyte clinical data
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Table 4 Computational volume, parameters and inference

speed of each model
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