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DGSeg-YOLO: A Collaborative Multi-Task Model for Cell Detection and

Instance Segmentation in Esophageal Pathological Images
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Abstract: Objective Esophageal cancer is one of the most prevalent malignant tumors of the digestive system, character-
ized by inconspicuous early-stage symptoms and a relatively low survival rate. Early detection and accurate diagnosis are

therefore crucial for improving clinical outcomes. Histopathological image analysis serves as the gold standard for esopha-
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geal cancer diagnosis, where accurate cell detection and instance segmentation provide essential quantitative information
for identifying abnormal cellular structures. In recent years, deep learning-based methods have significantly advanced
pathological image analysis. However, automatic analysis of esophageal pathological images remains challenging due to
dense cell distribution, large morphological variations, severe cell overlap, and blurred cell boundaries. Conventional
single-task models perform detection and segmentation independently, limiting their ability to exploit the complementary
relationship between object localization and structural representation. Although multi-task learning has shown promising
potential, insufficient feature collaboration and task interference often restrict the overall performance. Therefore, this
study aims to develop a collaborative multi-task framework to enhance feature interaction between detection and segmenta-
tion while improving the robustness of cell analysis in complex pathological scenarios. Method To address the above chal-
lenges, a collaborative multi-task model, termed DGSeg—YOLO, is proposed for joint cell detection and instance segmen-
tation within a unified framework. The model adopts a shared backbone network to extract multi-scale feature representa-
tions from pathological images, providing rich semantic and spatial information for downstream tasks. To strengthen cross-
task collaboration, a bidirectional feature interaction module (BFIM) is introduced between the detection and segmenta-
tion branches. BFIM enables bidirectional feature interaction and adaptive information fusion while preserving task-specific
representations, thereby enhancing complementary feature learning and alleviating feature interference between the two
tasks. Furthermore, an adaptive detection—aware segmentation (ADGS) module is designed to refine segmentation fea-
tures using detection-aware feature representations generated through task collaboration. By enhancing discriminative infor-
mation in regions containing densely distributed and overlapping cells, the proposed module improves the representation of
complex pathological structures and boundary delineation. To alleviate the influence of imbalanced sample distributions
during training, a difficulty—aware joint loss (DAL) is proposed to dynamically coordinate the optimization of detection
and segmentation tasks according to the distribution of complex samples, thereby improving the robustness of multi-task
learning. The proposed DGSeg-YOLO is evaluated on a self-constructed esophageal pathological cell dataset containing
both isolated and overlapping cells with diverse morphological characteristics. The dataset is annotated with both bounding
boxes and pixel-level instance masks to support joint optimization of detection and segmentation. Comprehensive experi-
ments, including quantitative comparisons, ablation studies, and qualitative visualizations, are conducted to evaluate the
effectiveness of the proposed framework. Result Experimental results demonstrate that DGSeg-YOLO achieves a Box
mAP@Q. 5 of 0. 900, a Mask mAP@0. 5 of 0. 909, and a Dice coefficient of 0. 8351 on the self-constructed esophageal
pathological cell dataset. The proposed model exhibits stable detection and segmentation performance, particularly in
pathological regions with densely distributed and overlapping cells. Ablation studies further verify that BFIM effectively
enhances cross-task feature interaction, ADGS improves feature representation for complex pathological structures, and
DAL contributes to more balanced optimization during multi-task training. Compared with representative lightweight detec-
tion and segmentation models, DGSeg-YOLO provides a favorable balance between detection accuracy, segmentation qual-
ity, and model complexity while maintaining robust performance in challenging pathological scenarios. In addition, the pro-
posed algorithm has been integrated into an intelligent pathological cell analysis system for automated cell detection,
instance segmentation, and quantitative pathological analysis, demonstrating its feasibility for practical pathological image
analysis. Conclusion This paper proposes DGSeg-YOLO, a collaborative multi-task framework for cell detection and
instance segmentation in esophageal pathological images. By enhancing cross-task feature interaction and collaborative
learning between detection and segmentation branches, the proposed method improves the structural representation and
boundary delineation of cells in complex pathological scenarios, especially in densely distributed and overlapping regions.
Experimental results demonstrate that DGSeg-YOLO achieves competitive performance while maintaining a lightweight
architecture suitable for engineering deployment. The proposed framework provides an effective technical solution for auto-
mated pathological image analysis and offers a useful reference for the application of collaborative multi-task learning in
medical image analysis and computer-aided diagnosis systems.
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17784 A5 B A AR -
F,, =SiLU(BN (W *P, + b,)) (1)
A W, F b, 53 5 3 A6 AR 2 A EE AL B S8, *
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H 3 3, SR FH 25 R AR TR 2800 57 1) 4 TR AR g
DX 35 0 SCRRAIE
F., =SiLU(BN(W*F + b)) (2)
K w5 b, 5y F 53 SZX R S5 i S U
IR TR N o s | P S E AL DA =B S BN 2 B & =S NN}
WRRRAIE PSS o 53 1 43 SRR SUE B B ARSI
FRAE , B Jeim At 1x1 AR A il SRR A -
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3 A v e RN 1 ORI, T 220 A s [l o B
B W, R ERESE, o()FIR Sig-
moid BREL, TR ALE IS — b 2 [0,1]. FffERIE
SORCEAE HIT A IARRAE , SRR AE S 0 -
F! =F, OW (4)
K OFRRB IR, ol sk E s h
LR RTINS SRR AE A5 BB
F,.=F,+F; (5)
X H 2 gy i R N A R Lt I RR AR, A o A
3 (4) 45 2 By INA G s A RRAE
AT R AR BFIM ZECRFFAS AR IR 2 (0] 2544
A RIS, 5535153 3 B9 U B, SCES AT 55 FRAE
AR B SRG o PG 1 kil 5 535
Z (B (R RRAE wh 5 [R) R, 35 Ay I 52 A 0 J R ) 44
PR AL T T B M B RRAE R, DT 48 AR A
e ZR AL 50T i AR .
2.3 BIERN DS HlEH
S48 BFIM LG o FRAE RS 5 85 53 S5 B a2
HGEf 7RI 5 45 2 B AR AE g R, (R AR R
Fm i serh, o B S A I B PR . SE
FIAAL TG ZEU H AR, 0 75 7215 3R SO i )
G3 SR T I e B v ) M S A L FR
T Y0 A 22 B A7 AR 5 Rl i LA S IR R
J& ELA B AN E Pk AUHOR 53 #1153 32 A B RRIEAE
FEMELAARAS R HLERR R th 3Rk . Rl 5 40504y
3 2 BFIM 52 B J5 T8 MU 54T 55 28 BLRHAE [R] i 4 5
o I A2 M 7 5 3 0 A5 . ST AE i H
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CXHXW

DENX
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M5 3

| SEUHE Fy |

BUREER
Conv 1X1 I SEVHE Flger |
Cc—-C

| EUNEW |
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| X (ETEET) i

L +

G

3 BFIM BEHLAE A ]
Fig. 3 BFIM Module Structure Diagram
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ADGS(Adaptive Detection-Aware Segmentation) JHL %%
FantEl 4 s . ADGS FIJH BFIM 4 i 5 54T 5552 .
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1) 5 B R IE RIRRE T

T BFIM %t (0 46 D0 14 5 R AE Sy F,,, [R] R A
2000 TH R SR AR PoAE R o3 B RN ARAE . B, A
F,, RIS B B DL i H AR A R 1A, Bk
W A x4 AR AT 3 1 4, P48 3x3 B K
SRIERR IR, P45 5 AR MO o B0 U — 1AL
#, PR RN
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X W, 5 W, 0 5180R Ix1 533 EFE S0, 5
b, J i B I, ReLU( - )78 ReLU B R &L, o(+) 2
71N Sigmoid PREL . T A WA T 2 ) BT A T TR AE £
23 (Ao B B AR o RS, T E A R A
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F.. =P50A (7)
b7 i 2 s B AR BAUIMAUS 593 SRRk ; O %
IRBEILER AT o izt FREEE 5 AL H AR DX SR Ak i
SO, TR TG SG T8 SR B, B 0 IR AE S & o 1
TEAE RISt G A H AR RIS L A bt 2%
JEATT AR B R AR AE Rl S RE i d e

TIE 55 348 o P i 7 30 2 R AT R T s AR
ITRE A5 B R 2 HIR-IE .

F. =W*PslF,,)+b, (8)
3 XU 2 R OR I I PHEARAE, W, 5 b, 53 B ARG
GRBE S5 MESE . RAMRAMNF, 805 A5
Sk, 5 Py P URHIE R [R] 58 58S 45 43 S50

AR E HERSIER,

s | o [ e [ mas |

I 1x1 Conv |—>| ReLU },—)I 3x3 Conv I_)l Sigmoid i.—) ZERERNEA

FERITIAL

Loy

somars e— + |

514 ADGSHRHA5 &
Fig. 4 ADGS Module Structure Diagram
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155 22 B F A 5 5 35 2R AR A 1 H A 8
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P5 — F,, — Detection Head (9)

(F"u,,PS) &GS F ., — Segmentation Head (10)
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KU BFIM it 00 85 4T 55 58 BARFAE AR B, J& A
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2B 22 BOAEAS T T, AT H1) 55 % 4 2 200 i 1 14U
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[5] DG A 340 S AE [ 051 2K 591) 2 R HE A B 25 2
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K b5 b 73 HIFR INAE S HAAE . 2Rk L,
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N
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iz
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A =754, =104, =051, =15 (14)
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BN g > WIS HERT RN
N

Foetay = T’ el0,1] (15)
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BT o A5 2 A 43 B0 R HEA T S 25 AR, LA 348 i
RN REAR 2 2D B T o S8 o T T HI A I
TR A SR R g 1.5, LA 38 5 Rk A o
T H R R RF I R e v o BRI, A SO AR “ M
JEE I I AR X AR AL X B RS B A, In
FET YNGRtk op B SN LR A R g ek
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FIAZAE G AR R EOE R
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KBHFEES % YOLO RFE R ERINEC &, IF45
BRI E LT, AR AEEN,=T.S,
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BRI SR

3 XWEERSH

3.1 HUIEE
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Fig. 5 Example of esophageal pathological cell dataset
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3.2 LIRS

A SCEE T PyTorch T FE 27 2 HE ZR 58 AR A )1 5
S, S AE Windows #VE RGLIAGE T is 47, i 14
V-4 4 NVIDIA GeForce RTX 4050 Laptop GPU . i
it R AdamW LR 28 AT S 80E 8, R85 &
A% K 2 2] AR B SR S AR R AL 2R S R W R
2 HBA 0. 01, A IR H 0. 01 4%, BRI 2
200 /> epoch, #It ¥k K /N by 8, KL HE 32 3 R HH
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Al e

AL, R PP A R AE SE PR 5 B s T8
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3.3 EMIER
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DGSeg-YOLO 5 e £ 35 J B A0 Az 0 5 52 451 7351
HRPERE o KA 55 SR F G i % (Precision) (3 1]
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mAP)E N PER 45

Fa il RN BERLAS H ) B AR O af A S H bR i
R P, S B AGE I 25 SR  EAf 5  R] RRs A
L2 bR AR TE ARG 0 A, S AR AL A
HARrySeREM: . PR 200 TP A B A A5 S
Krtg o o

A2t H (intersection over union, IoU ) i £ T AE
HESHEMESEE ., PR (average precision,
AP)Z55 RS — S S TE AN [R) A5 B2 (AT RS i
FREEBRRI, mAP NI AP IFE . AL
i F Box mAP ¥4 K I 4 B« Box mAP@O. 5 % 7/~
ToU BI{E 4 0. 5 BF 452551 AP A 344 ; Box mAP@O. 5:
0. 95 F /87 ToU BIE M 0. 5 0. 95 4K 4 0..05 1
104 BIE T, W45 28000 AP — D HOF2 T4 G
PR AT ] 2 (55 B2 2SR ARSI 1 B

X S8 3 EMT 55, R U HE A 5 L S A
Z A AR R K LoU HEATSLBIVE L , 748 FH Mask mAP
PN BEAR T EIVERE . Mask mAP@O. 55 Mask mAP@
0.5:0. 95 B (A & & T35 05 Box mAP —3,
XA & PR R SRS A Ak, BIA
Dice Z H0f i N HE TS 5 LM R R E &R
B HEUATE R 0~1, BUE M KRR 845 1S
FLARE R — 8 AR SCHE ToU BIE M 0. 5 141 T
HEFTSEBIVCEL , -G EASFI 50T 19 Dice ¥I{E
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TEZESE . MG A BFIM AEHL 460 B B —
W By, Uk BASAR A AR 1 A RS 5 28 B LA 3t o i T A
RUXT A 2% BRI ZRAERE T 5 MAE I 55 L AT
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H bR EACE , I o BIRAAE R4 T 1 38 N InA 3
AT T4 36 A2 2 45 4 DX 1 4 1 o 3 — RICR 7R
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SR RERLFR I BRRE () A IR, BT 1k e
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3.5 xtbbxke
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PEHL YOLOv8n-seg . YOLOv1 In-seg DA 2 Mask R-CNN
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PERE Z B R 15 T 845 P15 . 5 Mask R-CNN AH
Fo, A SO EAE mAP 6 bR BRI, A8 Ao
AN 5 4 B 285 PERE . /S48 Mask R-CNN 7E Dice
FE bR bW Pn A H H AR A R B 52 % i PR ) 1 52
BRI AR

DGSeg-YOLO YA 97 8 a5 J2 3 2k A 0 Ja i 43~ 1)
SR AL 4 SR A AR A2 2 BRI R B AORIE RIS BE
J1o WEIREERKF | BORA SO ETERAR b7 1
5 YOLOv8n-seg Fll YOLOv11n-seg A kb & 3¢ 88 i B
WA AR AL BRI AR — & FREE b 3G SRS Ay
X H AR X ) G BE ), TEAN M B R A Gl A

W45 52 Zie s B A7 e b ) R IR LS A B T
GRS E it . UL 24T 55 P R HEZR A
32 A IR 3 AT AT 55 v B — i B[ 5
FHW 1

DGSeg-YOLO 51 A BFIM F1 ADGS 55 S50
A BN AEAG I 5 5248 o3 FAT 55 2 3 TR SR
Bk #, ie g b F A R AETHE . BB S R
5.4 M, R 12.5 GFLOPs, {ENVIDIA GeForce
RTX 4050 Laptop GPUF-{5 T , #5145y
68.7 FPS, H i ] 14 sty 1) Jiig b 3 4E B 4y 15. 5 ms/
image , 7 DT AT BTy >k 1 1152 F A1 4 T 55 B
TARARE PR AZ R N .

®1 HAREVESHEMIEER

Table 1 Ablation experiment results of cell detection task

Class BFIM ADGS DAL P R mAP@0.5 mAP@0.5:0.95
\ \ \ 0.853 0.791 0.870 0.573
v \ \ 0.743 0.777 0.774 0.478
All
\ J \ 0.799 0.832 0.873 0.582
N J N 0.908 0.842 0.900 0.602
\ \ \ 0.898 0.909 0.946 0.630
J \ \ 0.895 0.822 0.946 0.623
Individual cell
\ J \ 0.886 0.933 0.953 0.634
N N N 0911 0.901 0.949 0.631
\ \ \ 0.808 0.672 0.793 0.517
v \ \ 0.591 0.672 0.602 0.333
Overlapping cell
\ N \ 0.713 0.732 0.792 0.530
N J J 0.905 0.783 0.851 0.572

VIR B AT AR \FEIR AT | AT IR B s AV 5 55 % AR B XTI 0 S v A S R (8

3 T AR AE [ A o 2 A A5
B LIRS LSS SR o ARSCIC I H AR TP A B A 7 2
JHLAGE N 52 081 43 ) R 4 ) T 45 SR A o O T P £
J7, AR B SR — I B8 B 8 bR A R LM
LightCellNet 3= 2187 ] 4H Bl ks 4T 55, A SCEAE Tk
P43 B H 5 DGSeg-YOLO 7EAT: %5 H A1 Fl iy ) &
25 T LU e 6 b AR SC BB NE T 55
— P AR R T P RN TR A e O
P AR SC H bR T[] £ 38 5 R A1 e GRS A
SEAB) ) — A 1 A i D RIS R | DR O S 5 v i
I Mask R-CNN . YOLOv8n-seg Hl YOLOv11n-seg 1

R ARERYEXS U7 . Hirp Mask R-CNN {28
W5 B B 52 1 3 EIHEZR . YOLOv8n-seg A1 YOLOv11n-
seg fCRFE AL B B S5 o3 HIHESL , REAE AN [R] A5
BRI AR SO 255 1EBE . HoVer-Net,
CDNet . MaskDINO . DiMaskDINO 1 YOLO-Med %77
B BAEAR OCATE: 55 h HoA e (BRI 254 I 25
H A% n ERC A5 44 B S A U b TR R
B e 2R o W, A SORW ey KA sk &
FHAE SOTA AL A F2 06 b 2, 17 20K S8 1 50
TE5 A S 558 MR B H b 3 — B0 FC R AR
A
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Table 2 Ablation experiment results of cell segmentation task

Class BEIM ADGS DAL p R mAP@0.5 mAP@0.5:0.95 DiceI{H
\ \ \ 0.834 0.789 0.870 0.569 0.8325
v \ \ 0.753 0.788 0.779 0.486 0.8354
All
\ J 0.841 0.830 0.884 0.585 0.8343
v v J 0.926 0.856 0.909 0.614 0.8351
\ \ \ 0.896 0.922 0.953 0.611 0.8286
N \ \ 0.900 0.888 0.948 0.606 0.8329
Individual cell
\ v 0.902 0.923 0.958 0.621 0.8298
v v J 0.920 0.909 0.959 0.618 0.8306
\ \ \ 0.772 0.656 0.787 0.528 0.8762
v \ \ 0.606 0.689 0.611 0.367 0.8612
Overlapping cell
\ J \ 0.780 0.738 0.811 0.550 0.8820
N N N 0.932 0.803 0.859 0.610 0.8785
TE NFR A R \Fem R 5 | AT AL DKL, 53 75 1A bR e T I 2] S v A S (8
F3 FEEREHER
Table 3 Results of comparative experiments
Box Mask
Model Params Dice J{H
mAP @0.5 mAP @0.5:0.95 mAP @0.5 mAP @0.5:0.95
Mask R—CNN 44.2M 0.820 - 0.877 - 0.8933
YOLOv8n-seg 3.4M 0.920 0.642 0.915 0.635 0.8340
YOLOvIIn-seg 2.8M 0.910 0.650 0.912 0.634 0.8382
DGSeg-YOLO 5.4M 0.900 0.602 0.909 0.614 0.8351

T - — R IR A X RLAR R B AR R AN

NZE SR AT LI ), DGSeg-YOLO 15 ¥ 43 B 45
b B R BUS Rl SEGE A T N, X 58
RI51 A BFIM ,ADGS fll DAL %5 54T 45 Py [ A He Ay
Ko LREIHOFIE Al TR THE — I mAP $545%
72 FH T 38 A 5 43 1 40 S 2 () R R A B fif
B RS 76 G5 —HEZL T [R) i) 4 13 4 i 2 331 300 A AE
FNSEGHER | o Jo 24 B 55 58 80 A BT ROE 28 it
b O (A

BEAR , Bt 4R rh B 20 A S ) B3 i 2 T A
JHO VT 2 R 2 A0 AR DX IO 552 451 321 53 B A
A T H 5 e B ) AL o S AR AR 43 Dice 48
b E ] REAFAE D B . Dice % S LTI 65 5 &
SEHERS A X IR S AR A N RE S AR A I E L 5
151 53 25 TN 25 46 A B tH BE JJ o 27 Box mAP | Mask

mAP Dice XM 7KK E , DGSeg-YOLO FEKLI 5
A o3 | —AAAE S5 PR TRE SR G R
3.6 IRNAB=IH

Shy ik — 251 W i i HH SR (4 TR N AN (EL, AR
SCFF DGSeg-YOLO H £ 18 3 B8 G 70 M T A, 5%
IR B A L5 0 B Bl S o B S ge oA
6 Ze i BN CR A T- 1 , [BT 6 45 o SRl g B
MG AT SR B G b A0 R S 22
SRR, AL TR, HAFAE R R S SR
o M T MG ARG H br A 25 SR s DL it
ST R (1% 200 B A A5 S T B B AT S 4] 8 SO LA
Feor R B bR E AL AE R

PR, PR AR N 3 5 o B AR5 2858 JL 20
JEL R 7, 3 5 B — 2D R SR, L) ST AR 2
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TARSOEAE S bR AR 2R I fE

TESE PR TR b, i BRSO R G2 S HF 6
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Fig. 6  Application scenario of the esophageal pathological cell analysis system.
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