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TABLE 1
Summary of publicly available TB datasets. The size of our dataset
is about 17 x larger than that of the previous largest dataset. Besides,
our dataset annotates TB infection areas with bounding boxes, instead
of only image-level labels.

Datasets | Pub. Year | #Classes | Annotations | #Samples
MC [25] 2014 2 Image-level 138
Shenzhen [25] 2014 2 Image-level 662
DA [6] 2014 2 Image-level 156
DB [6] 2014 2 Image-level 150
TBX11K (Ours) | - | 4 | Bounding box | 11,200
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Fig. 2. Gender distributions for the entire TBX11K dataset and specifi-
cally for TBX11K TB X-rays.
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TBAE HFIF—4, FRiT g'] TB The left and right values of each bin correspond 1 s area range, and
_H_ the height of the bin represents the number of TB bounding boxes within

i I—_I' ,3 %ﬁ*ﬁ/ﬁ 'f%l_ T AN L‘L E E that range. It should be noted that the CXR images in TBX11K have a

resolution of about 3000 x 3000.
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TABLE 2
- BIRENE BEHRBESH=ANATE L 2o with both active and latent T: "Active TB" refers to CXR.
LN NS RSy xR T e e S DR ey
o % )I:g P ﬁ] Z; Ia E/\] %ﬁj : 1R E\_ﬁ;‘éiﬁ ,I\_&L E/\]TB TB infection cannot be recognized using current medical conditions.
CXRER, {REAHAMLTE CXREIR; _ S
E 2GS FE R A TB CXREE; o T ol ok e A L
I ETBREIMCXRER, N TFEATBE NonTB | g NonTB | 3000 | 800 | 1200 | 5000
B, BAVENIZRE. WiEE. WiXEFHTB Active TB 73 | 157 | 294 | 924
CXRE1&&RIF3: 2: 189LtH. ANRETBE s Latent TB 04 | 36 | 72 | 212
R CXRE S5 B2 M . etk B2 4] 9
Total | 6,600 | 1,800 | 2,800 | 11,200
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Fig. 4. lllustration of the proposed SymFormer framework. FPN [61]
is applied to generate the feature pyramid.
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in which W,” W € RIMXK)XC are trainable parameter Next, SymAttention can be formulated as
matrices. The attention A; and value F{ are simply calcu- K
lated using F# = Concatﬁle(Z(Ai [m, k] - F{[m,:, p? + Ap?[m, k],
A, = Softmax(Reshape( W Frecaliby) =l W
Fo — el ©) st — (% + Api[m, K]) +1))),
where Wt ¢ RMXE)XC yyyuaue o RCOXC ape trainable S (7)

parameter matrices and the softmax function is performed
along the dimension of K. Then, we reshape F7 like
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in which Conca,t,]\,/f=1 means to concatenate all the results
generated by setting m from 1 to M. The term with the wavy
underline projects the sampled locations onto the bilaterally
symmetric locations by taking the vertical centerline as the
line of symmetry, which is the core of the proposed SymAt-
tention. Finally, to ease optimization, a residual connection
is connected, followed by an MLP:

F' = WPF¥ +F;, F;=MLP(F{")+F¥, (8

where we have WP ¢ RE*XC and F, is the enhanced
output as in §4.1.

 MIBLRIREM=8, K=4, N =_H x W
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Deformable DETRAALFTT I EZER S

TABLE 3

CXR image classification results (;/o) in tern;us of accuracy, AUC, sens_lglvity, specificity, AP, and AR on the TBX11K test data. The R e‘“ n aN etfﬂ] D efo rm ab | e D ET R E/\] I\I-II- [ﬁ\lé
ackbone” column indicates the specific backbone network used.

X AMEGAMREERet iy
Methods | Backbones | Accuracy | AUC (TB) | Sensitivity | Specificity | Ave. Prec. (AP) | Ave. Rec. (AR) * N l% -l’ %a_j:l:IL\EbRetl naNet N
SSD [72] VGGNet-16 847 93.0 781 89.4 821 838 Sym Former, 'l‘_&L BE H]%TEE FDeformable
RetinaNet [69] ResNet-50 w/ FPN 87.4 91.8 81.6 89.8 84.8 86.8 N S S
Faster R-CNN [74] ResNet-50 w/ FPN [ 89.7 93.6 91.2 89.9 87.7 90.5 DETR, 'TE 1= XTJ' % 7"@ })H\IJ Ul E'ﬁ[___, = %
FCOS [73] ResNet-50 w/ FPN 88.9 924 87.3 89.9 86.6 89.2
Deformable DETR [68] ResNet-50 w/ FPN 91.3 97.6 89.2 95.3 89.8 91.0 ﬁ)‘l"ﬁ S \£ E /:l }:ll - |‘¢ NS % +73 > ] 7~

° N by B J

SymFormer w/ Deformable DETR | ResNet-50 w/ FPN 94.3 98.5 87.3 97.3 93.2 93.2 Ojﬁ / & Y ﬁ j:l-’ ﬁb I’tg-lj- T :Lj_:_ j:l
SymFormer w/ RetinaNet ResNet50 w/ FPN | 945 98.9 91.0 9.8 933 94.0 E/] ﬁ%—f %;I_ _&I_
SymFormer w/ RetinaNet P2T-Small w/ FPN 94.6 99.1 92.1 96.7 93.4 94.2 84 ' 8 /0 . ﬁ . E

« EFR3F, FAIWEE|ISymFormerflE

b =y Sl = = + =
CXR image classification results (%) in terms of the I} score and confusion matrix on the TBX11K test data, as well as the number of ‘E 1; FFJ ?'— }E\Z, |-|:|- ﬁ /J = g tq; I é
FLOPs, the number of parameters, and FPS of each model. “#Total" denotes the total number of test CXR images. We test FPS on a single / N % e j: 70N /é E < X S JH [: \"j'\j f { l_]
TITAN XP GPU. For the ground truths, the ratio of positives (TP + FN) is 19.6%, and the ratio of negatives (TN + FP) is 80.4%. E/] % J g i% ?‘21 k
B P e ok sl B ﬁﬁ@;lj—r/\% o RIIR4A, A&
P | %: O N J
Methods | Backbones |#FLOPs |#Params|FPS | F} score 1| TP/#Total +|TN/#Total 1|FP/#Total | |FN/#Total | %’E *%?::Ff:. E{@j rl:—l.l E)II tEl */ \T&%Jﬁ\ /y‘"
~
SSD [72] VGGNet-16 90.58 | 38.69 [329] 705 153 719 8.5 43 (T P + F P ) ﬁ Z\ 7?5 /Jlil\ ﬁ TJﬁ }D_I\IJ (T N + F N )
RetinaNet [69] ResNet-50 w/ FPN| 55.41 4897 |(35.3 73.1 16.0 722 8.2 3.6 N4 ‘TI S_Is r°a /\ \ i
Faster R-CNN [74] ResNet-50 w/ FPN| 6627 | 5398 [30.3| 785 179 723 8.1 17 E [o P S | CX R .
~ /N I o
FCOS [73] ResNet-50 w/ FPN| 53.33 4.69 (399 76.3 17.1 723 8.1 25
Deformable DETR [68] ResNet-50 w/ FPN| 54.07 52.67 |23.0 85.6 17.5 76.6 3.8 21 /s &
SymFormer w/ Deformable DETR |ResNet-50 w/ FPN| 54.08 52.69 |225 87.9 1741 78.2 2.2 25 2 4 I:'] ) X-\j- tt 7]\ ﬁl:l %D éIJij\rn EO rm e r
SymFormer w/ RetinaNet ResNet-50 w/ FPN| 59.14 | 50.03 (243 89.0 17.8 77.8 26 1.8 % l’:-I/] Z'_Z
SymFormer w/ RetinaNet P2T-Small w/ FPN| 5546 | 45.10 |17.9| 89.6 18.1 77.7 2.7 1.5 iE g . Deformable D ETR ! Ej—'

T Lo 3 SymFormerE f 5Deformable DETR#E
FLOPs: ,;,'\5\\'12;5 /kfﬁ \ - o o {ABIFLOPs. Params#IFPS, XX
Params: T E: REINGHFZINENSEHEE, AXEE SymFQrmerR@Deformabb DETRS| A\

FRELHY RN T A BRI E
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TABLE 5
CXR image classification results (%) in terms of accuracy, AUC, sensitivity, specificity, AP, and AR on the DA+DB test data [6]. ° %;ﬁ *E ;_iFll_J ij—;- %t:lJ 100 E/\] @?\' J:E -*D O E/\]

Methods | Backbones | Accuracy | AUC (TB) | Sensitivity | Specificity | Ave. Prec. (AP) | Ave. Rec. (AR) ,;l:f—_]'tjg'-'lﬁ , iﬂ:_—ﬁ'iiE g’; T 1E§i§ E
SSD [72 VGGNet-16 51.0 53.8 100.0 1.9 75.3 51.0 i KB A NERNNBS R JAN
Retin[aN]et [69] ResNet-50 iv/ FPN | 500 50.0 100.0 0.0 25.0 50.0 ’E 7|:7E< iﬂ:ﬁ |!':ﬂ :—F ’IT-]' /)m-l ﬁt CXR @R 7]
Faster R-CNN [74] ResNet-50 w/ FPN | 50.0 51.9 100.0 0.0 25.0 50.0 Sk j‘\j IZH :I\_&L
FCOS [73] ResNet-50 w/ FPN | 50.0 52.1 100.0 0.0 25.0 50.0 0=
Deformable DETR [68] ResNet-50 w/ FPN 68.6 69.7 843 529 70.7 68.6 L LS N TR
S v Dol TR RN | Ba | e | % | | me | =i ¢ EESCHBURAIEGR TEER LR
mrormer w e aiNe esiNet- w ¥ ¢! X . . s A K == N Mz
S§n1For1ner w/ RetinaNet P2T-Small w/ FPN 84.3 89.4 84.3 84.3 84.3 84.3 g}i:\ 1: %ﬂ];lz 13/[};:[:- éﬁ ?}% ';EK J: EI\J CX R
223, IS5 HDA+DBINR
TABLE 6 .1 g:ji: 7<) i% ?‘] s \/)\J\\h:_tt\é\i
CXR image classification results (%) in terms of accuracy, AUC, sensitivity, specificity, AP, and AR on the MC+Shenzhen test data [25]. :II-E El\] £ % , i% 6 7'\] M C+ /7|( ],IE / )\IJ 'L:_[t
AN 74 Q:E
Methods | Backbones | Accuracy | AUC (TB) | Sensitivity | Specificity | Ave. Prec. (AP) | Ave. Rec. (AR) éﬁ ?E- El\] g % ° i% El:l SSD >
SSD [72] VGGNet-16 50.8 50.4 100.0 34 749 51.7 Retl n aN et AN FaSter R-C N N %D
RetinaNet [69 ResNet-50 w/ FPN 49.3 49.7 100.0 0.5 74.6 50.3 V=
T S e o e e & | B TSoSMIEEANIN, MAEE
sNet-50 w ! 48. J s A - 49. A N (AN . ) >N
Deformable DETR [68] Re<Net.50 w/FPN| 813 835 92.9 70.1 83.0 81.5 Z"\J 7"] 0 : ZLX%:Z HH %/’E *EEL_JT Ei’ﬁ?ﬁ >j
SymFormer w/ Deformable DETR | ResNet 50w/ FEN | - 820 84.7 89.3 75.0 82.7 82.1 CTD E/\] % ;lt%t[::_}: '/f.l—.Ei'% 7, 72 "“I%" )%_ ;‘I)'I\[J
ymFormer w/ RetinaNet ResNet-50 w/ FPN 82.8 86.3 91.8 74.0 83.8 829 NS . R "o
SymFormer w/ RetinaNet P2T-Small w/ FPN 85.8 87.4 93.4 78.4 86.6 85.9 -L:_Lt CX R éﬁ 'T['E {-'LEE 19& i—li’,éj\ ;‘é jg T B %15]] o
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© HBREHITME, FITCXRER
SLIASEE - TRER X AT Elﬂﬁﬁ’ﬁ%&CXR{%J\j’;%ékﬁ%@ﬂE

J

all CXR images in the test set or only TB CXR images in the test set. The “Backbone” column indicates the specific backbone network used. ¢ /D-I IJ i%ﬁﬂ - E‘ ﬁ Defo rmab | e
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Fig. 5. Error analyses of category-agnostic TB area detection using baseline models and SymFormer w/ RetinaNet. The first row is evaluated
using all CXR images, while the second row only uses TB CXR images. C50/C75: PR curves under loU thresholds of 0.5/0.75. Loc: the PR curve
under the loU threshold of 0.1. BG: removing background false positives. FN: removing other errors caused by undetected targets (false negatives).
SymFormer largely outperforms other methods in all metrics, e.g., obtaining a remarkable 99% BG score when only using TB CXR images.
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TABLE 8
Ablation study for TB infection area detection on our TBX11K
validation set. We only use TB CXR images to evaluate
category-agnostic TB area detection. The “Symmetry of SPE" column
indicates whether SPE transfers the right side of positional encoding to
the left side, or vice versa. APE: absolute positional encoding: RPE:
relative positional encoding.

Attention | Positional Encoding | Symmetry of SPE | AP | AP - o e o
No No = 72.7 | 310 « R8FKTHH XﬁﬁL%gﬁjﬂ B9 M BE AN QN L8 X i 4
bt et ) ol s 15, Fri{x AEN AL E RISk EESPE,
Vanill: SPE w/o STN left ight 74.0 | 305 . — ,

Vgﬁlill: SPE ::/g STN reight_)—:llgeft 74.3 | 30.8 « STN E/‘] j] [ ]\l#_l:. T i-fl-IEE =) T SPE E/‘] ' _&L Lﬁ\{é
Vanilla SPE left — right 75.1 | 304

Vanilla SPE right — left 75.7 | 29.6

SymAttention APE - 74.9 | 30.0

SymAttention RPE - 73.6 | 29.1

SymAttention SPE w/o0 STN left — right 75.3 | 314

SymAttention SPE w/o STN right — left 75.5 | 30.7

SymAttention SPE left — right 76.3 | 309

SymAttention SPE right — left 76.6 | 31.7
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TABLE 9
Evaluation results (%) of the 4-fold cross-validation. The used model is our SymFormer w/ RetinaNet using ResNet-50 w/ FPN as the
backbone. We split the TBX11K trainval setinto 4 folds, each of which has a similar class distribution. “#Total" denotes the total number of test
CXR images in each fold. We only use TB CXR images to evaluate category-agnostic TB area detection.

Fold || Accuracy | AUC | Sensitivity | Specificity | AP | AR || Fy score | TP/#Total | TN/#Total | FP/#Total | FN/#Total || AP | AP®

1 94.7 98.9 92.2 97.5 91.1 | 94.6 87.6 11.0 85.8 2.2 0.9 74.7 | 31.7
2 952 98.9 92.6 97.6 91.7 | 95.0 88.1 11.1 86.0 2.1 0.9 752 | 304
3 94.6 99.1 92.9 96.9 90.5 | 94.6 86.4 11.1 85.3 2.7 0.8 74.1 | 295
4 95.1 99.3 92.9 97.3 91.2 [ 94.7 874 11.1 85.7 24 0.8 754 | 333

» A 7 UEBASymFormergy&AE M, FAlut T F MIFZ RIGUE, KTBXLIKYIZE IR 5 A M
B, MERSEFRIFHUNES B, BXLEP, BAlEHF=1E LI%SymFormer,
ﬁﬁﬁﬁﬁﬁﬂfﬁ?ﬁ%tﬁ@’lﬁﬁﬁo o] AR B X 4RI E —L, WESE T SymFormerfy & 4%

sE. Y N BB

¥ UNIVERSIDADE DE MACAU
UNIVERSITY OF MACAU




Healthy Sick but Non-TB Active TB

Uncertain TB

Latent TB Active & Latent TB

Fig. 6. Visualization of the learned deep features from CXR images using SymFormer w/ RetinaNet. We randomly select CXR images from
the TBX11K test set, and for each class mentioned in Table 2, we provide one example. In each example, the infection areas of active TB, latent
TB, and uncertain TB are indicated by boxes colored in green, red, and blue, respectively. The ground-truth boxes are displayed with thick lines,
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SSD [72] RetinaNet [69] Faster R-CNN [74] FCOS [73] Deformable DETR [68] SymFormer w/ RetinaNet
Fig. 7. Qualitative comparison between the proposed SymFormer and baseline methods. In each example, the infection areas of active TB

and latent TB are indicated by urecr boxes and red boxes, respectively. The ground-truth boxes are displayed with thick lines, while the detected
boxes are shown with thin lines. For all examples, SymFormer can detect all TB infection areas with true categories.

S L NE N

J UNIVERSIDADE DE MACAU
UNIVERSITY OF MACAU




e

« IO EURER T REFIEITENHBEZRIZWM A ENEHRE, BT
X EINTTBX11K, — P mEBFRIEFBENABTBEIESE, XPEUEERX
FETII4CTDRRERENS, thet| ) HTBRNEIHHNE - ERE,

s IRH T — 1 E R A MNIEZRSYymFormer, AT EIR#HITCXRE R 2 EXFTB
B XN, F HCXRERE R BN A XS TR, SymFormeréﬁé
SymAttention>k 3z BURFFAVFIE R 7~ EE?CXRM% o] § /[\zz\%fjbtljfz#%é’\l
XTRRTE, ZIKI%I)\TXT A BERLSPE, BT EMRERIGMR
SymAttentiongy % &€ .

« A TIRMHCTDMRMELE, sIANTIHEIENR, G TE TS BirteNlzsaY
Bsaeline Modles, F4&i# 7 HEZ Bk,

PIOADE o _
""f" ‘ -~ ﬁq K %‘
f RSIDADE DE MACAU

P59 UNIVE
RSB  UNIVERSITY OF MACAU



 UNIVERSIDADE DE MACAU
UNIVERSITY OF MACAU

Thank You!

Avenida da Universidade, Taipa, Macau, China
Tel : (853) 8822 8833 Fax: (853) 8822 8822
Email : info@um.edu.mo Website : www.um.edu.mo



