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Abstract: Multi-organ lesion detection is of great clinical significance. However, lesions in different anatomical regions
vary significantly in size and shape, and in CT images, lesion areas are typically small and similar to surrounding
tissues, which increases the difficulty of detection. To address these challenges, this paper proposes an improved
multi-organ small lesion detection algorithm based on the Salience-DETR model. Firstly, an Efficient Spatial-Channel
Collaborative Attention ( ESCA) mechanism is designed to reconstruct the multi-scale features extracted by the
backbone, enhancing the model’s focus on important lesion information. Secondly, the DenseASPP and AugFusion
modules are incorporated to optimize the cross-layer token fusion network, improving multi-scale feature fusion across
different levels. Finally, an Inner-GloU loss function is introduced to accelerate model convergence and improve the
detection performance for small lesions. Experimental results show that, under the condition of 0.5 to 4 false positives
per image, the improved model achieves average detection sensitivities of 83.26% and 82.33% on the public
DeeplLesion dataset and an external validation set, respectively. These results demonstrate that the proposed algorithm
achieves high detection accuracy and good generalization performance for multi-organ small lesion detection, with
promising potential for real-world clinical applications.
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Fig. 2 Efficient spatial-channel collaborative attention
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Table 1 Ablation experiments on the DeepLesion test set
Sensitivity( %) @FPs
Method v — Avg
@0.5 @ @2 (@4
Baseline 71.73 80.30 86.27 90.76 82.26

Baseline+ A 72.73 80.47 87.06 91.17 82.73
Baseline+B 72.54 80.51 86.40 91.13 82.65
Baseline+A+B  73.65 81.08 86.92 90.55 83.05
Baseline+ A+B+C 74.13 81.24 87.09 90.59 83.26
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Table 2 Comparison with mainstream algorithms on the

DeepLesion test set

Sensitivity (%) @FPs
Method Av
@0.5 @1 @2 @4 &
Faster-RCNN®Y 58,47 69.04 77.94 82.50 71.99

Cascade-RCNNM*  57.44 68.50 76.68 80.98 70.90

FCOS™*! 60.89 69.88 76.96 82.40 72.53
DETR 61.68 70.59 77.25 81.37 72.73
DINO™H 70.33 77.35 82.02 86.62 79.08

Salience-DETR ~ 71.73 80.30 86.27 90.76 82.26
Relation-DETR™  72.96 80.99 86.71 90.63 82.83
MI-DETR"™" 68.33 77.69 84.33 89.26 79.90
Ours 74.13 81.24 87.09 90.59 83.26
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Table 3 Comparison with existing studies on the

DeepLesion test set

Sensitivity (%) @FPs

Method A
@0.5 @1 @2 @4 e

YHK[7] 61.27  70.43  78.67  85.07  73.86

SCHKL9] 66.10 75.40 83.10 88.30  78.26

Ek[11]  68.02
SCHR[12]  64.86
SCHRL13] 73.19
XHk[14]  73.09

Ours 74. 13

79.8 §6.71  91.42  81.49
74.39  81.41  86.04  76.68
81.12 86.91  91.37 83.15
81.33 87.03 91.16  83.15
81.24 87.09 90.59 83.26
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Fig. 8 Detection performance for lesions of different sizes

3.4 AL

T ATAGAS SCIR B TE A W) B AL b 1 o kb AG: 00 A0C5R L
H 5 Salience-DETR 7 DeepLesion M & |- (1 # 3 25 1
HEAT AT XS LG, IR T 38 43 % LL 25 58, an il 9 BroR . 48 1
TR EE Y BRI 58 2 AT RIS 3 470 BB R T L4 A
RUFIAS SCEL L R &5 R . 55 1 50 B s — 4 43 5 o 9L
B LB IVE L ORI B 4 Fhos kRS2, AER B BIHR
FTLLE Y, A T BR L T, AR SRR e /D H A ekt 9 A
b = T = e 4 A AR R T A DA E T S N
3 %) PG b ar LUWL g€ R, 2 kSR AT O B,
Salience-DETR H{BE T 546 , T 4 3C 5 13 . T 3% — 15 0L
B 6% Y b K s AR AN L ok, BE AR R, AR SC T IR NN [



% ¥ & .3t Salience-DETR #5 % 2R 45y B #4755 B H &

5519 W

Ground Truth

Salience-DETR

(a) PK&

(a) Mediastinum

(b) BE
(b) Kidney

(c) AL

(c) Softtissue

P9 A [ B AL 119 3 ek A 00 45 53w 4 Ak

Fig. 9 Visualization of detection results for lesions in different organs

BB ASE 119 575 ek A 00 A
3.5 #EELZMEIE

N T SR AR SO R Iz L BE T AE SN R IE 4R
AT T SC8y, I 5 SalienceDETR #E4T X M, 5236 45 5 4
AR, NFAPALUE B AHE T LB, otk 5 1Y
LA AR USRS b AR DI BOR A BT AR T R A U R
FLA B4 /Y12 A BE 1 A0S BRI PR A A {6

F4 AEEEENBIRIEE ERRN
Table 4 The performance of different algorithms on

the external validation set

Sensitivity (%) @FPs

Method A
¢ @0.5 @1 @2 (@4 ve
Salience-DETR  71.37 78.85 85.46 87.67 80.84
Ours 74.23 80.40 84.80 89.87 82.33
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