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ABSTRACT: Sputum smear microscopy remains the frontline diagnostic test for 

pulmonary tuberculosis in high-burden settings, yet it is slow, demands a trained 

microscopist and reports limited sensitivity. Deep learning has been applied intensively 

to this task, but the literature has grown without a shared benchmark, a shared metric 

definition or a shared statement of the clinical target. This review organises the 2022-

2026 literature into a six-category taxonomy spanning acquisition and image formation, 

detection and segmentation, quantification and bacillary load grading, learning under 

limited supervision, multi-centre privacy-preserving learning, and robustness. Primary 

studies, seven reviews and every reachable public dataset are compared in eight tables. 

Three findings emerge. Reported performance is inflated by task substitution, since 

patch classification studies report accuracies near ninety-nine percent whereas detection 

studies report mean average precision near fifty percent when averaged across 

localisation thresholds. Quantification is largely unsolved, because clumped bacilli are 

annotated away rather than resolved and only one study automates the five-point World 

Health Organization load scale. Multi-centre and robustness evidence is almost absent, 

with one of one hundred and fifty-two artificial intelligence tuberculosis studies 

reporting a domain-shift analysis and no published federated learning study on sputum 

smear microscopy. We formalise the evaluation gap, propose a foreground-density 

heterogeneity measure for federated smear analysis, and set out a research agenda 

centred on grading-aware, multi-centre and reliability-audited models. 

 

1. INTRODUCTION 

Pulmonary tuberculosis remains one of the leading causes of death from a single infectious agent, and in the settings where its 

burden is highest the diagnosis still rests on light microscopy of a Ziehl-Neelsen (ZN) stained sputum smear. The procedure 

is inexpensive and requires no cold chain, which is why it persists despite the availability of molecular assays. Its weaknesses 

are equally well documented: a microscopist must examine at least one hundred high-power fields per slide, throughput is 

low, and inter-reader agreement degrades with fatigue and workload [1], [2]. 
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Critically, the clinical output of the procedure is not a binary decision. Under World Health Organization and International 

Union Against Tuberculosis and Lung Disease conventions the laboratory reports a five-point bacillary load grade, 

comprising negative, scanty, 1+, 2+ and 3+, derived from the number of acid-fast bacilli counted over a defined number of 

fields. This grade informs infectiousness assessment and treatment monitoring, so a system that reports only the presence or 

absence of bacilli has solved a proxy task rather than the clinical one [3], [4]. 

Automated analysis of ZN smears has consequently attracted sustained attention. A 2026 systematic review in the American 

Journal of Clinical Pathology screened the past decade and included forty-nine studies reporting accuracies between eighty 

and ninety-eight percent, while noting substantial heterogeneity in study design and limited external validation [5]. Earlier 

reviews reached compatible conclusions from different corpora: forty-five studies of which only five used a publicly available 

dataset [1], twenty-eight studies with an explicit repeatability component [2], and sixty-five studies spanning 2017 to 2023 [6]. 

Across all four, the recurring criticism is not that models perform badly but that their reported performance cannot be 

compared, reproduced or trusted to transfer. 

This review differs from its predecessors in three respects. First, it is organised around a taxonomy that separates the clinical 

target (counting and grading) from the computational target (detection), because conflating the two is the main source of 

apparent progress. Second, it treats multi-centre learning and robustness as first-class categories rather than as future work, 

since deployment in a national tuberculosis programme necessarily spans many laboratories with different optics and staining 

practice. Third, it verifies dataset availability directly rather than by citation, which materially changes the picture, because the 

two most cited resources in this field are no longer served at their published addresses. 

The contributions are as follows. We define a six-category taxonomy of automated ZN smear analysis and populate it with 

the 2022-2026 literature. We provide eight comparison tables covering each category and every reachable public dataset. We 

formalise the metric-substitution problem, the load-grading objective and a foreground-density heterogeneity measure for 

federated smear analysis. Finally, we identify five gaps that are verifiably open and propose concrete experimental designs to 

close them. 

It is worth stating at the outset why a further review is justified when four already exist. The reviews cited above are 

bibliometrically thorough and methodologically conventional: they enumerate architectures, tabulate accuracies and conclude 

that heterogeneity limits comparison. What none of them does is ask whether the quantity being reported is the quantity that 

matters. A study that classifies cropped patches containing a single centred bacillus and a study that localises every organism 

in an uncurated field are solving problems that differ by orders of magnitude in difficulty, yet both are recorded in the same 

accuracy column and both contribute to the same pooled estimate. Once the reported quantity is separated from the clinical 

quantity, the apparent maturity of the field changes character, and the direction of useful work changes with it. That 

separation is the organising principle of this review. 

A second motivation is temporal. The period covered here contains three developments that postdate the earlier surveys and 

that materially alter what is now feasible: the release of the first openly licensed corpora carrying focal stacks and load-grade 

labels, the first application of a pathology foundation model to smear screening under image-level supervision alone, and the 

first independent clinical validations of commercial smear-reading systems against culture. Each is discussed in the sections 

that follow, and together they shift the binding constraint of the field from data availability to evaluation discipline. 

2. SCOPE AND REVIEW METHODOLOGY 

Records were sought in PubMed, Scopus, IEEE Xplore, Web of Science and the arXiv application programming interface 

using combinations of tuberculosis, sputum smear, acid-fast bacilli, Ziehl-Neelsen, auramine, deep learning, object detection, 

federated learning and robustness. The primary window is January 2022 to August 2026, extended backwards where a method 

is foundational or where a dataset descriptor predates the window. Studies were included if they analysed smear or blood-film 

microscopy images computationally and reported quantitative results, or if they contributed a dataset, benchmark or 

methodological result that the smear literature depends upon. Chest radiograph tuberculosis studies were excluded, as they 

address a different modality and are covered elsewhere [7]. 
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Every dataset cited in the included studies was resolved directly: the published uniform resource locator was requested, and 

the resource was recorded as reachable only if the files themselves were served. Every reference in this review was resolved 

against Crossref, and bibliographic fields were taken from the resolved record rather than transcribed. 

Table 1 positions this review against the existing surveys. The distinguishing feature is coverage of categories C5 and C6, 

which no prior ZN-specific review addresses. 

Table 1: Existing reviews compared with the present work 

Review Year Studies Window Modality Grading Multi-centre Robustness 

Carvalho et al. [2] 2023 28 to 2022 ZN smear No No Partial 

Zachariou et al. [1] 2023 45 1998-2022 ZN and fluorescence No No No 

Tamura et al. [6] 2024 65 2017-2023 ZN smear and tissue No No No 

Lumamba et al. [8] 2024 10 2017-2022 ZN tissue only No No No 

Hansun et al. [7] 2025 152 2011-2023 All, mostly radiograph No No Partial 

Rastogi et al. [5] 2026 49 2015-2025 ZN and auramine No No Partial 

von Bahr et al. [9] 2026 22 2014-2024 Primary-care 

microscopy 

No No No 

This review 2026 68 2022-2026 ZN smear Yes Yes Yes 

 

3. A TAXONOMY OF AUTOMATED SMEAR ANALYSIS 

Figure 1 presents the taxonomy. Six categories, denoted C1 to C6, partition the field, and Sections 4 to 9 address them in 

order. The partition is functional rather than chronological: a single study frequently contributes to two categories, and Tables 

2 to 7 record such studies once per contribution. 

 

Fig. 1: Taxonomy of automated Ziehl-Neelsen smear microscopy research 
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Figure 2 shows the canonical processing pipeline that nearly every published system instantiates, together with the dominant 

failure mode reported at each stage. Two features of the pipeline deserve emphasis. Stages S1 to S3 determine the input 

distribution and are where cross-laboratory variation enters; stages S6 and S7 determine the clinical output and are where the 

literature is thinnest. The intermediate stages S4 and S5, which are where almost all methodological effort has been 

concentrated, are bounded above by S3 and are of no clinical value without S6 and S7. 

The asymmetry of effort across the pipeline is the structural problem this review documents. Of the studies in Tables 2 to 7, 

the overwhelming majority contribute to S4 and S5, a small number to S1 to S3, and a handful to S6 and S7. This distribution 

is understandable, since S4 and S5 are where standard computer vision transfers most directly and where public benchmarks 

in other domains have trained the community’s intuitions. It is nonetheless the wrong allocation for the clinical task. An 

improvement in candidate classification cannot recover bacilli that were never imaged because the field was out of focus or 

the smear was too thick, and it cannot correct a load grade that is wrong because three overlapping organisms were counted 

as one. 

 

Fig. 2: Canonical pipeline with dominant failure mode per stage 

4. ACQUISITION AND IMAGE FORMATION 

4.1 Field-of-view selection and whole-slide scanning 

A ZN slide contains far more material than can be imaged at oil-immersion magnification, so field selection is itself a decision 

with diagnostic consequences. Reported field budgets vary by more than a factor of three: three hundred fields for a 

commercial brightfield scanner [10], six hundred fields for a manual comparator read and one thousand fields for automated 

ZN in a prospective comparison [11]. Ravindran and Baskaran treat field recognition as a learned first stage on a motorised 

stage, reporting an area under the receiver operating characteristic curve of 0.9505 with precision 0.924 and recall 0.882 [12], 

and this remains one of very few studies to model field selection explicitly rather than assume it. 

Field selection also interacts with the load grade in a way that is rarely acknowledged. Because the grade is defined per 

hundred fields, the number of fields examined is part of the measurement rather than an implementation detail: a system 

reading three hundred fields and one reading a thousand are estimating the same latent quantity with different variance, and 
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neither reports that variance. When the automated and manual arms of a prospective study read different field counts, the 

comparison confounds algorithmic sensitivity with sampling effort [11]. 

The consequence of leaving field selection unmodelled is quantified by two clinical evaluations. In a deployed scanner, one 

hundred and fifty of one thousand one hundred and fifty specimens, or thirteen percent, were rejected outright for staining, 

thickness or positioning faults, and the authors note explicitly that a smear containing bacilli may lie outside the scanned area 

[10]. In an independent retrospective validation of a commercial system, thirty-four of three hundred and twenty slides failed 

scanning altogether [13]. Neither failure is visible in the accuracy figures that dominate the methods literature. 

4.2 Autofocus and multi-focal-plane fusion 

Sputum is spread unevenly and uncovered, so a single focal plane cannot render all bacilli sharply. The literature handles this 

in three ways, none of them learned. Blurred fields are discarded before training [14]; extended depth-of-focus fusion is 

applied as a preprocessing step [15], [16]; or the problem is moved into scanner firmware, as in the curved-surface focus 

algorithm developed for oil-immersion whole-slide digitisation [17]. The 2026 systematic review confirms that multi-view and 

z-stack imaging is an emerging mitigation [5], yet no published detector consumes the focal stack directly, despite the public 

availability of eight thousand two hundred stacks of eleven depths [16]. 

The distinction matters because the three strategies are not equivalent. Discarding blurred fields biases the sample towards 

regions where the smear happens to be thin, which is precisely where bacilli are least likely to be concentrated. Extended 

depth-of-focus fusion is a fixed unsupervised operator applied before the network sees the data, so any information it 

discards is unrecoverable and its parameters cannot be tuned to the detection objective. Moving the problem into firmware 

solves it for one instrument and transfers to no other. A learned fusion, in which the stack is treated as an additional input 

dimension and the fusion weights are trained jointly with the detector, is the obvious remaining option and is unexplored in 

this domain. 

4.3 Stain and illumination normalisation 

Stain appearance is the dominant nuisance factor. One study is constructed entirely around thin, standard and thick ZN 

variants [18], and the evaluation of a deployed scanner states that colour is the load-bearing recognition feature [10]. The 

computational pathology literature is far more mature here and provides the baseline that smear work must respect: across 

four organs and nine laboratories, colour augmentation was found essential to reduce generalisation error, while colour 

normalisation could be omitted at negligible cost [19]. Recent work extends normalisation to self-supervised and privacy-

preserving formulations [20], and a 2025 review catalogues the generative-adversarial and diffusion families now used for the 

task [21]. A recurring caution is that normalisation metrics do not predict downstream utility [21]: methods scoring well on 

image-similarity measures may perform no better, and occasionally worse, on the task the normalisation was intended to 

serve. 

Two properties distinguish ZN smears from the haematoxylin and eosin images on which this literature was developed, and 

both should make the transfer easier rather than harder. ZN staining is effectively two-colour, with carbol-fuchsin bacilli 

against a methylene-blue counterstain, so the appearance manifold is lower-dimensional than in general histopathology. The 

foreground is also extremely sparse, which means colour statistics computed over a whole field are dominated by background 

and are therefore comparatively stable estimators of the staining condition. Neither property has been exploited: no smear 

study reports a stain-normalisation ablation of the kind now routine in pathology, and the field consequently has no evidence 

about whether the conclusion of Tellez et al. transfers to this modality. 

Table 2: Acquisition and pre-processing approaches in tuberculosis smear microscopy 

Reference Year Contribution Field budget Focus handling Stain handling 

Costa Filho et al. [15] 2019 Multi-focus fusion Not stated Fusion of stacks None 

Huang et al. [22] 2022 Automated scanner Slide-level Hardware autofocus Fixed protocol 
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Reference Year Contribution Field budget Focus handling Stain handling 

Chen et al. [10] 2024 Deployed scanner 300 fields Hardware Colour-

dependent 

Desruisseaux et al. [13] 2024 Clinical validation Whole slide Scanner Auramine 

Ravindran and 

Baskaran [12] 

2025 Learned field selection Motorised stage Not modelled None 

Yuniarti et al. [14] 2026 Raw dataset Manual capture Blurred fields 

excluded 

None applied 

Zhou et al. [17] 2026 Whole-slide AFB 

scanner 

Full slide Curved-surface focus Fixed protocol 

Rulaningtyas et al. [18] 2026 Stain-thickness 

robustness 

Field-level Not modelled Thin, standard, 

thick 

Zhang et al. [11] 2026 Prospective comparison 300 to 1000 

fields 

Scanner ZN and 

auramine 

 

5. DETECTION AND SEGMENTATION 

5.1 From classical processing to learned detection 

Early systems thresholded in a colour space chosen to separate the carbol-fuchsin signature, then filtered candidates on 

geometric descriptors such as eccentricity, area and axis ratio. These pipelines remain instructive because their failure modes 

are unchanged: debris that shares the chromatic signature of a bacillus is retained, and touching organisms merge into a single 

component. Panicker et al. showed that a shallow convolutional classifier applied to binarised candidate regions substantially 

outperformed handcrafted descriptors on the same candidates [23], which established the candidate-then-classify template 

that most later systems follow. 

The persistence of this template into the deep learning era is itself informative. It survives because it encodes a real property 

of the task: recall at the candidate stage can be made very high at low computational cost, since bacilli are chromatically 

distinctive, whereas precision is the hard part and benefits from learned features. The template also has a less benign 

consequence, in that it fixes the definition of an object at the candidate stage. If a connected component containing three 

touching organisms is emitted as a single candidate, no downstream classifier can recover the correct count, and the error is  

invisible to any metric computed over candidates. 

5.2 Detector families 

Figure 3 contrasts the four architectural families now present in this literature. Two-stage detectors derived from Faster R-

CNN [24] provide accurate localisation but impose one object per proposal, which is precisely the wrong inductive bias for 

agglomerated bacilli. One-stage detectors combining a feature pyramid [25] with focal loss [26] dominate the 2024-2026 work 

because bacilli are sparse, small and numerous, which is the regime focal loss was designed for. Transformer detectors 

dispense with hand-designed anchors and non-maximum suppression in favour of set prediction, which is attractive for dense 

small objects but data-hungry, and no application to ZN smears has been published. Density-regression models replace 

detection with estimation of a continuous field whose integral is the count, trading instance identity for robustness to overlap. 

The choice among these families is usually framed as a speed-accuracy trade-off, but for this task the more consequential axis 

is how each handles agglomeration. Two-stage and one-stage detectors both assume a one-to-one correspondence between 

predicted boxes and objects, an assumption that non-maximum suppression actively enforces by removing overlapping 

predictions. For touching bacilli this is not a nuisance to be tuned away but a structural mismatch, because the correct output 
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genuinely contains heavily overlapping boxes. Set-prediction models relax the assumption in principle, and density regression 

sidesteps it entirely at the cost of the instance-level information needed for morphology and size checks. 

 

Fig. 3: Four detector architecture families for bacilli detection 

Detection quality is scored by intersection over union between a predicted box 𝐵𝑝 and a ground-truth box 𝐵𝑔, 

 IoU(𝐵𝑝, 𝐵𝑔) =
|𝐵𝑝∩𝐵𝑔|

|𝐵𝑝∪𝐵𝑔|
 (1) 

from which precision and recall follow for a threshold 𝜏, 

 𝑃(𝜏) =
TP(𝜏)

TP(𝜏)+FP(𝜏)
,  𝑅(𝜏) =

TP(𝜏)

TP(𝜏)+FN(𝜏)
 (2) 

and average precision is the area under the interpolated precision-recall curve, 

 AP𝜏 = ∫ 𝑃interp
1

0
(𝑟) 𝑑𝑟,  𝑃interp(𝑟) = max

𝑟̃≥𝑟
𝑃(𝑟̃) (3) 

The quantity that matters for small objects is the average over localisation strictness, 

 mAP50:95 =
1

10
∑ AP𝜏𝑘
9
𝑘=0 ,  𝜏𝑘 = 0.50 + 0.05𝑘 (4) 

Because bacilli occupy a very small fraction of each field, the class-imbalance term dominates training. Focal loss down-

weights easy negatives through a modulating factor, 

 ℒfocal(𝑝𝑡) = −𝛼𝑡(1 − 𝑝𝑡)
𝛾log𝑝𝑡  (5) 

with 𝑝𝑡  the probability assigned to the true class and 𝛾 the focusing parameter. A smear study reports an explicit positive-to-

negative ratio of one to four handled by class-weighted loss and minority oversampling [27]. 
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5.3 Reported performance and the substitution problem 

Table 3 collects the detection literature. The pattern that emerges is the central empirical finding of this review. Studies that 

report patch or image classification return figures near ninety-nine percent [28], whereas studies that report localisation on the 

same underlying problem return far lower numbers, and the gap widens as localisation strictness increases. BacilliFinder is the 

clearest instance, reporting mean average precision of 87.2 percent at a threshold of 0.5 but 50.5 percent when averaged from 

0.5 to 0.95 [29]. Density-regression work reports average precision of 0.53 with an F1 score of 0.72 and is candid about it 

[30]. 

Table 3: Detection and segmentation methods for acid-fast bacilli, 2022-2026 

Reference Year Family Backbone or model Reported result Task scored 

Panicker et 

al. [23] 

2022 Candidate and 

classify 

Shallow convolutional network Recall 97.13, F1 0.98 Region 

classification 

Chen et 

al. [31] 

2024 One-stage Improved YOLOv8s mAP at 0.5 of 85.7, 26.9 

frames per second 

Detection 

Soares et 

al. [32] 

2024 Classification Depthwise separable convolution 

with channel attention 

F1 99.38 Patch 

classification 

Venkatesh 

et al. [29] 

2025 One-stage BacilliFinder mAP 0.5 of 87.2, mAP 

0.5:0.95 of 50.5 

Detection 

Ding et 

al. [33] 

2025 One-stage YOLOv5, cloud deployed mAP at 0.5 of 94.80 Detection 

Sigit et 

al. [34] 

2025 One-stage YOLOv8 Precision 0.88, recall 0.77, 

F1 0.82 

Detection 

Kokane et 

al. [27] 

2025 Classification EfficientNetB0 Accuracy 92, sensitivity 

89.1, AUC 94.5 

Patch 

classification 

Arasappan 

et al. [35] 

2025 Pipeline High-throughput digital 

microscopy 

Reported at slide level Screening 

Genc et 

al. [28] 

2026 Classification InceptionV3 and Xception 99.00 across metrics Patch 

classification 

Saraf et 

al. [36] 

2026 One-stage YOLOv9-E with language model Detection and reporting Detection 

Brito et 

al. [30] 

2026 Density 

regression 

Multi-task network AP 0.53, F1 0.72 Detection and 

counting 

Rulaningtyas 

et al. [18] 

2026 Segmentation Convolutional segmentation Stain-thickness stratified Segmentation 

 

The substitution is not a matter of authors overclaiming. It is that the community reports whichever quantity its architecture 

naturally produces, and readers, including reviewers, then compare across incompatible units. A patch classifier evaluated on 

balanced crops is measured on a task where the object has already been found, localised and centred; a detector is measured 

on the task of finding it. Pooling both into a single accuracy range, as the systematic reviews necessarily do, produces an 

estimate that describes no realisable system. 

A second and independent inflation arises from evaluation on curated fields. Several datasets in Table 8 comprise images 

selected by an expert as containing clearly visible bacilli, which removes from the test distribution exactly the fields that make 
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screening difficult: the over-stained, the debris-laden and the marginally focused. Reported sensitivity on such data is an 

upper bound whose distance from deployment performance is unmeasured. The independent clinical validations available 

[11], [13] are the only estimates of that distance, and both indicate it is substantial. Section 11 formalises the reporting 

standard that would remove the ambiguity. 

6. QUANTIFICATION AND BACILLARY LOAD GRADING 

6.1 Counting and the clump problem 

Once bacilli are detected, the clinical quantity is a count over a defined field set. The obstacle is agglomeration. The 

annotation conventions of the field encode the difficulty rather than resolving it: ZNSM-iDB marks single bacilli with circles 

and occluded bacilli with rectangles [37], the largest annotated corpus labels approximately seven thousand one hundred 

individual bacilli and a further two hundred clusters as a distinct entity class [4], and the UFAM taxonomy separates true, 

agglomerated and doubtful objects [16]. Density regression avoids instance resolution entirely by integrating a predicted 

density map 𝐷(𝑥, 𝑦) over the field, 

 𝑁̂ = ∬ 𝐷
Ω

(𝑥, 𝑦) 𝑑𝑥 𝑑𝑦 (6) 

which is robust to overlap but discards instance identity [30]. A hybrid formulation, in which separable organisms yield 

instances and each cluster region 𝑅𝑗 contributes a regressed count, gives 

 𝑁̂ = ∑ 𝟙𝑀
𝑖=1 [𝑠𝑖 > 𝛿] + ∑ 𝑔𝜙

𝐽
𝑗=1 (𝑅𝑗) (7) 

where 𝑠𝑖 is the confidence of instance 𝑖, 𝛿 a threshold and 𝑔𝜙 a learned count head. No published smear system implements 

this, and the omission has a measurable clinical cost, described next. 

The annotation record makes the scale of the problem explicit. In the largest annotated corpus, clusters account for roughly 

three percent of annotated entities but occur on the slides carrying the highest bacillary load [4], so their contribution to the 

count, and therefore to the grade, is far larger than their frequency suggests. Any system that treats a cluster as a single object 

systematically under-counts high-load slides, which compresses grades downward. That is precisely the direction of error 

which matters least for detecting disease and most for monitoring treatment response. 

6.2 Load grading 

The load grade is a monotone step function of the count per field set. Writing 𝑛 for bacilli counted over 𝐹 fields, the 

reporting rule has the form 

 𝐺(𝑛, 𝐹) =

{
 
 

 
 
0 𝑛 = 0
1 1 ≤ 𝑛 ≤ 9 per 100 fields

2 10 ≤ 𝑛 ≤ 99 per 100 fields

3 1 ≤ 𝑛 ≤ 10 per field

4 𝑛 > 10 per field

 (8) 

with grades 0 to 4 denoting negative, scanty, 1+, 2+ and 3+. Two properties follow. The mapping is ordinal, so a scanty slide 

misreported as negative is a qualitatively different error from a 2+ slide misreported as 3+; and the decision boundaries are 

counts, so grading accuracy inherits counting error, which in turn inherits the clump problem. 

Exactly one study automates this scale end to end, reporting mean precision, recall and F1 of 0.894, 0.896 and 0.895 across 

the five classes [3]. The clinical importance of the gap is shown by independent validation of a commercial system, which 

graded only 13.6 percent of 4+ smears and 35.7 percent of 3+ smears correctly while managing 81 percent of 2+ smears [13]: 

performance collapses exactly where bacilli are densest and most overlapped. 

Because the target is ordinal, agreement should be reported with the quadratic weighted kappa, 

 𝜅𝑤 = 1 −
∑ 𝑤𝑖𝑗𝑖,𝑗 𝑂𝑖𝑗

∑ 𝑤𝑖𝑗𝑖,𝑗 𝐸𝑖𝑗
,  𝑤𝑖𝑗 =

(𝑖−𝑗)2

(𝐾−1)2
 (9) 

where 𝑂 is the observed and 𝐸 the expected agreement matrix over 𝐾 grades. No study in Table 4 reports it. 
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Table 4: Counting and load-grading studies 

Reference Year Output Clump handling Grading scale Agreement statistic 

Costa et al. [38] 2014 Annotated 

database 

Separate class None None 

Serrao et al. [3] 2024 Five-class grade Not resolved WHO five-point Precision, recall, F1 

Desruisseaux et 

al. [13] 

2024 Grade, 

commercial 

Not resolved WHO five-point Concordance 95.5 

percent 

Gomide et al. [4] 2025 Counts and boxes Cluster as entity Slide-level grade None 

Brito et al. [30] 2026 Count Density 

integration 

None Mean absolute error 

Zhou et al. [17] 2026 Slide decision Not resolved Positive or 

negative 

Sensitivity 

 

7. LEARNING UNDER LIMITED SUPERVISION 

Exhaustive bacillus-level annotation is expensive and subjective, and unannotated regions may contain unlabelled positives, a 

hazard stated explicitly by the authors of the largest annotated corpus [4]. Four strategies appear in the literature. 

a) Transfer learning: pretraining on natural images is near universal and is the implicit baseline of every study in Table 3. 

b) Weak and semi-supervision: learning proceeds from image-level labels or sparse point annotations, and a graph-based 

semi-supervised approach has been applied to smears with limited expert annotation [39]. 

c) Foundation models: this is the most consequential recent development. A weakly supervised transformer built on a 

pathology foundation model achieves a precision-recall area under the curve of 0.943 to 0.974 using only image-level labels 

[40], which is the strongest published result on the largest smear corpus and sets the benchmark that supervised detectors 

must justify themselves against. Recent work adapts such models across centres continually [41]. 

d) Synthetic augmentation: generative modelling is established in adjacent bacterial microscopy, where a systematic 

comparison found downstream segmentation quality plateaued at approximately one hundred and ten real training images 

[42], and diffusion-based generation is now applied to pathology nuclei [43]. Conditional diffusion combined with graph 

regularisation has been applied to tumour segmentation in abdominal computed tomography [44], which shows that the same 

generative machinery transfers across modalities when a structural prior constrains the output. A necessary control is simple 

copy-paste augmentation, which suits small rod-shaped objects on near-uniform backgrounds almost ideally and costs 

nothing [45]; a generative pipeline that does not beat it has not demonstrated its value. 

The foundation-model result deserves particular attention for what it implies about the supervision this field has been buying. 

Exhaustive bounding-box annotation of bacilli is the most expensive labelling task in the pipeline and the one whose 

subjectivity is least controlled, since expert readers disagree about doubtful objects and about where one organism ends and 

the next begins. That a model supervised only by image-level labels attains a precision-recall area under the curve above 0.94 

[40] suggests the marginal value of exhaustive localisation labels for the screening decision is smaller than assumed. It does 

not follow that localisation is unnecessary, because counting and grading require it. It suggests instead a division of labour in 

which image-level labels are collected at scale for screening while scarce expert boxes are reserved for the counting stage, 

where they are indispensable. 

Table 5: Supervision regimes in smear and adjacent microscopy analysis 

Reference Year Regime Supervision required Domain Reported result 

Ghiasi et 

al. [45] 

2021 Copy-paste 

augmentation 

Instance masks Natural images Strong baseline gains 

Pandit et 

al. [39] 

2025 Semi-supervised graph Sparse annotation ZN smear Reduced annotation 

need 
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Reference Year Regime Supervision required Domain Reported result 

Bedohazi et 

al. [40] 

2025 Weakly supervised 

transformer 

Image-level only ZN smear PR-AUC 0.943 to 

0.974 

Biofilm study 

[42] 

2025 Generative 

augmentation 

Annotated masks Bacterial 

microscopy 

Plateau near 110 real 

images 

Zhu et al. [41] 2026 Foundation model 

adaptation 

Continual, cross-

centre 

Pathology Cross-centre retrieval 

Zhang et 

al. [43] 

2026 Diffusion augmentation Text and mask 

conditioned 

Pathology nuclei Improved 

downstream task 

 

8. MULTI-CENTRE AND PRIVACY-PRESERVING LEARNING 

8.1 Motivation and topology 

A national tuberculosis programme is organised as peripheral microscopy centres in districts reporting to a reference 

laboratory in a city. Slide images are patient data and cannot generally be pooled, which makes federated learning the natural 

training paradigm [46]. Figure 4 shows the resulting hub-and-spoke topology: clinics train locally and transmit parameter 

updates; the hospital aggregates and returns the global model; no image leaves its district. 

 

Fig. 4: Hub-and-spoke federated topology for smear microscopy 

Federated optimisation minimises a weighted sum of local objectives, 

 min
𝜃

 ℱ(𝜃) = ∑ 𝑝𝑘
𝐾
𝑘=1  ℱ𝑘(𝜃),  𝑝𝑘 =

𝑛𝑘

∑ 𝑛𝑙
𝐾
𝑙=1

 (10) 

where ℱ𝑘 is the empirical risk at clinic 𝑘 holding 𝑛𝑘 samples. The canonical aggregation step averages client parameters, 

 𝜃(𝑡+1) = ∑
𝑛𝑘

∑ 𝑛𝑙𝑙∈𝑆𝑡
𝑘∈𝑆𝑡  𝜃𝑘

(𝑡)
 (11) 
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over the participating subset 𝑆𝑡 , and proximal variants add a penalty 𝜇 2⁄ ‖𝜃 − 𝜃(𝑡)‖
2
 to each local objective to limit client 

drift. Feature-shift methods keep normalisation statistics local, motivated by the finding that batch normalisation is actively 

harmful under non-identically distributed data [47], while amplitude-harmonising methods align the frequency content of 

client images before local training [48]. Communication cost is a separate constraint on such deployments, and hybrid 

schemes that combine gradient sparsification with quantisation reduce the volume transmitted per round in medical imaging 

federations [49], which matters where peripheral centres connect over intermittent low-bandwidth links. 

8.2 Heterogeneity specific to smear microscopy 

The federated literature models label skew and quantity skew. Neither captures what varies across tuberculosis clinics. The 

clinically meaningful axis is bacillary load, which changes the ratio of foreground to background and therefore the loss 

geometry of a detector. We define the foreground-density skew of client 𝑘 as 

 𝜌𝑘 =
1

𝑛𝑘
∑

|ℬ𝑘,𝑖|

|Ω𝑘,𝑖|

𝑛𝑘
𝑖=1  (12) 

with |ℬ𝑘,𝑖| the annotated bacillus area and |Ω𝑘,𝑖| the field area, and the federation-level heterogeneity as the dispersion of 𝜌𝑘 

across clients, 

 𝐻𝜌 = √
1

𝐾
∑ (𝜌𝑘 − 𝜌‾)

2𝐾
𝑘=1 ,  𝜌‾ =

1

𝐾
∑ 𝜌𝑘
𝐾
𝑘=1  (13) 

A Dirichlet partition of a single dataset cannot express 𝐻𝜌, which is why simulated federations are a poor proxy for this 

application. 

Two further asymmetries follow from the topology rather than from the data. The first is optical: peripheral clinics operate 

lower-specification instruments, including smartphone-coupled eyepieces whose pixel pitch differs markedly from benchtop 

scanners, so the feature shift between hub and spoke is a device shift rather than the stain-colour shift the pathology literature 

usually models. The second is in supervision, since expert grading is concentrated at the reference centre, so the hub holds 

reliable labels while the periphery holds volume with weak or absent labels. The realistic problem is therefore semi-supervised 

federated learning with a labelled server, a setting that differs materially from the fully supervised federations of Table 6 and 

that has not been studied in any imaging modality with this structure. 

8.3 Privacy guarantees and their limits 

Federation alone is not a privacy guarantee. Differentially private training clips per-sample gradients and adds calibrated noise, 

 𝑔̃ =
1

𝐵
(∑ 𝑔𝑖

𝐵
𝑖=1 /max (1,

‖𝑔𝑖‖2

𝐶
) +𝒩(0, 𝜎2𝐶2𝑰)) (14) 

yielding an (𝜀, 𝛿) guarantee, and the utility cost is real and must be reported alongside 𝜀, 𝛿, the accountant and the clipping 

norm 𝐶 [50], [51]. Gradient inversion attacks reconstruct training images from updates [52], though published attacks become 

far less effective once clients update batch-normalisation statistics [53], and defences continue to develop [54]. 

Table 6 summarises multi-centre learning evidence in medical imaging. The final row is the finding that motivates this 

review’s agenda: no federated study exists on tuberculosis sputum smear microscopy. 

Table 6: Federated and multi-centre learning evidence for smear microscopy 

Reference Year Setting 

Heterogeneity 

modelled Privacy analysis 

Real multi-

site data 

Sheller et al. [55] 2020 Brain tumour 

segmentation 

Institutional None Yes 

Rieke et al. [46] 2020 Position paper Conceptual Discussed Not 

applicable 

Dayan et al. [56] 2021 Clinical outcome 

prediction 

Twenty sites None Yes 
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Reference Year Setting 

Heterogeneity 

modelled Privacy analysis 

Real multi-

site data 

Liu et al. [48] 2022 Histopathology and 

radiology 

Amplitude and 

feature shift 

None Yes 

Adnan et al. [50] 2022 Histopathology Institutional Differential privacy Yes 

Hatamizadeh et 

al. [53] 

2023 Medical imaging Not applicable Gradient inversion Yes 

Borazjani et al. [57] 2025 Cancer staging Non-IID, 

unbalanced 

modality 

None Yes 

Wang et al. [47] 2025 Theory and analysis Non-IID 

normalisation 

None Simulated 

Yu et al. [51] 2025 Medical imaging federation Institutional Privacy-utility trade-

off 

Yes 

Nielsen et al. [52] 2026 Medical imaging Not applicable Gradient inversion 

framework 

Yes 

Tuberculosis smear 

microscopy 

- - - - No study 

identified 

 

9. ROBUSTNESS AND TRUSTWORTHINESS 

Figure 5 organises reliability threats into three groups that differ in intent but share a clinical consequence: fewer detected 

bacilli means a lower reported grade, and a scanty-positive slide becomes a reported negative. 

 

Fig. 5: Taxonomy of reliability threats to automated screening 

a) Acquisition corruption: this is the credible and frequent threat, comprising defocus, stain-thickness drift, debris overlay, 

illumination change and compression. Benchmarks in the wider medical imaging community now evaluate models under 

systematic corruption suites [58], [59], and the smear literature has all the raw material to build a domain-specific equivalent, 

since real defocus can be sampled from published focal stacks rather than synthesised [16]. 

b) Domain shift: this is systematic rather than random and is the best-evidenced failure. Across one hundred and fifty-two 

artificial intelligence tuberculosis studies only one performed a domain-shift analysis [7]. In computational pathology the 

picture is quantified: adversarial and normalisation-based adaptation improve target-domain balanced accuracy substantially 
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over source-only training across four cancer types [60], survey guidance for domain generalisation is now available [61], test-

time adaptation is emerging [62], and orthogonal-decomposition formulations refine adversarial adaptation [63]. Adversarial 

domain adaptation is often described as superseded, yet it remains demonstrably effective for optical rather than stain-colour 

shifts: a gradient-reversal network raised five-shot accuracy from 33.3 to 88.9 percent across magnification and modality 

changes in bacterial microscopy [64], which is precisely the shift separating a smartphone eyepiece rig from a benchtop 

scanner. 

A practical difficulty in this category is that domain shift and acquisition corruption are not cleanly separable in smear 

microscopy. A laboratory that stains thickly does so consistently, so what appears as a corruption at the level of an individual 

image is a systematic domain property at the level of a site. This argues for evaluating the two together, with corruption 

severity sampled from the empirical variation observed across real sites rather than from a synthetic severity ladder, and it 

argues against reporting mean performance across sites without also reporting the worst site. 

c) Adversarial perturbation: this is the worst-case bound. The standard threat model solves 

 max
‖𝜂‖∞≤𝜖

 ℒ(𝑓𝜃(𝑥 + 𝜂), 𝑦) (15) 

approximated by projected gradient descent, 

 𝜂(𝑡+1) = Π‖𝜂‖∞≤𝜖 (𝜂
(𝑡) + 𝛼 sign(∇𝜂ℒ(𝑓𝜃(𝑥 + 𝜂

(𝑡)), 𝑦))) (16) 

Medical models are unusually fragile to this: at a perturbation budget of 0.002, accuracy fell by between 48.5 and 61.8 percent 

across computed tomography, mammography and magnetic resonance imaging, while natural-image benchmarks barely 

moved [65]. Two qualifications are essential for honest use in this domain. Medical adversarial examples are highly detectable, 

with detection area under the curve above ninety-eight percent [66]; and a systematic review of twenty-two studies concluded 

in a clinical journal that the threats remain more theoretical than practical [67], while an influential analysis found that no 

published medical robustness study had formulated an explicit threat model [68]. For sputum microscopy specifically the 

attack surface is narrow, since images are captured live from a physical slide that can be re-examined. The defensible use of 

adversarial perturbation here is therefore as a stress-testing instrument and worst-case bound rather than as a security 

narrative [69]-[71]. 

For a detector the clinically legible quantity is not a flipped label but a suppressed detection. Define the minimum 

perturbation that lowers the reported grade of slide 𝑠, 

 𝜖∗(𝑠) = min{𝜖: 𝐺(𝑁̂(𝑥𝑠 + 𝜂)) < 𝐺(𝑁̂(𝑥𝑠)),  ‖𝜂‖∞ ≤ 𝜖} (17) 

Reporting 𝜖∗ stratified by true grade would express robustness in units a clinician can interpret. d) Explainability: this 

completes the category and remains a documented weakness of tuberculosis microscopy systems [1], with gradient-based 

attribution the usual instrument. 

Table 7: Robustness and trustworthiness evidence 

Reference Year Threat addressed Domain Key quantitative finding 

Finlayson et al. [72] 2019 Adversarial, policy 

framing 

Medical machine 

learning 

Established threat framing 

Tellez et al. [19] 2019 Stain variation Pathology, nine 

laboratories 

Colour augmentation essential 

Ma et al. [66] 2021 Adversarial Medical imaging Detection AUC above 98 

percent 

Bortsova et al. [68] 2021 Adversarial, threat 

modelling 

Multi-modality No explicit threat models found 

Joel et al. [65] 2022 Adversarial Oncology imaging 48.5 to 61.8 percent accuracy 

loss 
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Reference Year Threat addressed Domain Key quantitative finding 

Sun et al. [63] 2022 Domain adaptation Medical imaging Orthogonal decomposition 

Yang et al. [62] 2022 Test-time adaptation Cross-domain medical Dynamic learning rate 

Sorin et al. [67] 2023 Adversarial Radiology, 22 studies More theoretical than practical 

Springenberg et 

al. [59] 

2023 Robustness and 

generalisation 

Medical imaging CNN versus transformer 

comparison 

Dong et al. [69] 2024 Attack and defence 

survey 

Medical image analysis Detection sparsely studied 

AIDA study [60] 2024 Multi-centre 

generalisation 

Histopathology Adaptation beats source-only 

Kanca et al. [70] 2025 Adversarial, transformers Medical imaging Adversarial training restores 

accuracy 

Jahanifar et al. [61] 2025 Domain generalisation Computational 

pathology 

Survey and guidelines 

Bhattacharya et 

al. [64] 

2025 Optical domain shift Bacterial microscopy 33.3 to 88.9 percent, five-shot 

Shukla et al. [71] 2026 Adversarial defence Medical imaging Contrastive multitask defence 

 

10. DATASETS AND BENCHMARKS 

Table 8 compares every public Ziehl-Neelsen resource, with availability verified by direct request in August 2026 rather than 

by citation. Three observations follow. 

First, availability is worse than the literature implies. The most cited resource, ZNSM-iDB, is no longer served at its published 

address, and studies published in 2025 still describe it as publicly available. Second, annotation conventions are mutually 

incompatible: one corpus marks circles for single organisms and rectangles for occluded ones [37], another separates true, 

agglomerated and doubtful objects [16], and a third draws tight boxes around each individually visible cell [14]. Cross-dataset 

numbers implicitly assume these define the same positive, which they do not. Third, only three resources ship a publisher-

defined split, and no challenge, leaderboard or held-out test server exists for this task, in contrast to the tuberculosis 

radiograph community, where a fixed split and a public leaderboard have been available for several years. The absence of a 

held-out server matters more than the absence of a leaderboard, because it is what prevents the silent test-set reuse that 

inflates results over a literature’s lifetime. 

A further limitation cuts across all of these resources. Every one derives from a small number of collection sites, in several 

cases a single laboratory, so even the largest corpora provide little purchase on cross-site generalisation, and a model trained 

and tested within one of them measures interpolation rather than transfer. This is the structural reason the multi-centre 

evidence of Section 8 is thin, and it will not be resolved by any single institution releasing more images. 

Table 8: Public Ziehl-Neelsen smear datasets and verified availability 

Dataset Year Images Annotation 

Grading 

labels 

Defined 

split Availability 

Costa et al. [38] 2014 1,320 Circles, rectangles, 

polygons 

No No On request 

ZNSM-iDB [37] 2017 About 1,800 in 

seven categories 

Shape-coded 

overlays 

No No Published host 

unreachable 

UFAM ODS1 [16] 2026 90,200 in 8,200 

focal stacks 

None, focus 

modelling 

No No Open, CC0 
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Dataset Year Images Annotation 

Grading 

labels 

Defined 

split Availability 

UFAM DDS1 and 

DDS3 [16] 

2026 31,484 patches, 

8,000 mosaics 

Masks No Yes Open, CC0 

UFAM DDS4 [16] 2026 250 field sets Slide-level only Five-class No Open, CC0 

Gomide et al. [4] 2025 152,743 from 362 

slides 

7,100 bacilli, 200 

clusters 

Slide-level Yes On request 

Yuniarti et al. [14] 2026 1,438 11,447 bounding 

boxes 

No Yes Open, CC BY 

Fluorescence or 

auramine 

- - - - - None identified 

 

The absence of any public fluorescence dataset is consequential rather than incidental. A 2026 prospective comparison found 

automated ZN reading over one thousand fields detected 20.74 percent of cases against 18.75 percent for manual reading, 

whereas automated auramine reading over only three hundred fields reached 32.67 percent [11], which suggests brightfield 

ZN is contrast-limited rather than merely labour-limited. No public data exists to pursue that observation computationally. 

11. EVALUATION AND REPORTING PRACTICE 

The comparability problem identified in Sections 5 and 10 is a reporting problem with a precise remedy. We recommend four 

measures. 

Detection should be reported as mAP50:95 rather than AP50, since the difference between them is the small-object localisation 

error that clinical counting depends on. Screening operating points should be reported as sensitivity at a fixed false-positive 

rate per field, 

 Sens@FP𝑓 = 𝑅(𝜏
∗),  𝜏∗ = argmin

𝜏
|
FP(𝜏)

𝐹
− 𝑓| (18) 

because a threshold-free average precision hides the false-positive burden a microscopist would actually confirm. Counting 

should be reported as mean absolute error stratified by true load, 

 MAE𝑔 =
1

|𝒮𝑔|
∑ |𝑠∈𝒮𝑔

𝑁̂𝑠 − 𝑁𝑠| (19) 

over the slides 𝒮𝑔 of grade 𝑔, since aggregate error is dominated by high-load slides while clinical risk concentrates in low-

load ones. Grading should be reported as quadratic weighted kappa with the full confusion matrix, and scanty-positive 

sensitivity should always be stated separately rather than absorbed into a macro average. 

Three further practices would raise the evidential quality of this literature at negligible cost. Interval estimates should 

accompany every headline figure, since studies in this field frequently evaluate on fewer than two hundred images, where the 

sampling error on a sensitivity estimate is wider than most of the differences being claimed between methods. Results should 

be reported per acquisition site as well as in aggregate, because a mean over sites conceals precisely the variation that 

determines whether a model will work in the next clinic. And the unit of analysis should be stated explicitly: a result 

computed over patches, over fields and over slides are three different quantities, and the same model will score very 

differently on each because the number of opportunities to err differs by orders of magnitude between them. 

None of these requires new data or new methods. They require only that the quantity being reported be named precisely 

enough for a reader to know what was measured, which is the minimum condition for the cumulative progress that a field of 

this size ought to be making. 
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12. OPEN CHALLENGES AND RESEARCH DIRECTIONS 

a) Instance-level resolution of agglomerated bacilli: No published system resolves clumps; they are annotated as a 

separate class or dissolved into a density map. The hybrid objective of Section 6.1 is directly implementable on existing public 

data, and the commercial grading collapse at high load [13] establishes its clinical value. 

b) Learned use of the focal stack: Focus is handled optically or by exclusion in every study reviewed. Eight thousand two 

hundred eleven-depth stacks are openly available [16], and no detector consumes them. 

c) A shared benchmark: Harmonising the incompatible annotation conventions of Table 8 under one positive-object 

definition, one metric set and one frozen split is a prerequisite for meaningful comparison, and it is the single change that 

would most improve the field’s evidential quality. 

d) Federated learning with genuine heterogeneity: No federated study exists on this modality. The heterogeneity measure 

𝐻𝜌 of Section 8.2 is computable from published annotations, and datasets carrying per-image camera and stain-appearance 

metadata [14] permit physically real client partitions rather than Dirichlet simulation. The asymmetry worth exploiting is that 

expert grading exists principally at the reference centre, making the hub a labelled anchor and the periphery label-scarce, 

which is a semi-supervised federated problem rather than plain averaging. 

e) Fluorescence microscopy and the modality gap: Every public resource in Table 8 is brightfield. Yet the prospective 

evidence indicates that the automated advantage is concentrated in fluorescence, where a third of cases were detected from 

three hundred fields against roughly a fifth from a thousand brightfield fields [11]. This asymmetry suggests that brightfield 

ZN is contrast-limited rather than merely labour-limited, and that the ceiling on brightfield automation may be lower than the 

field assumes. Releasing an annotated auramine corpus would be among the highest-value contributions available to any 

group with access to a fluorescence programme, and it is currently blocked by nothing more than the absence of a data-

sharing decision. 

f) Reliability auditing before deployment: Reporting 𝜖∗ stratified by grade, alongside performance under a domain-

specific corruption suite and honest disclosure of the clean-accuracy cost of any robustness intervention, would give 

regulators and clinicians the evidence they currently lack. Any such intervention must be benchmarked against strong classical 

controls, specifically colour augmentation [19] and copy-paste augmentation [45], rather than against an unaugmented 

baseline. 

13. CONCLUSION 

Automated analysis of Ziehl-Neelsen sputum smears is a mature research area by volume and an immature one by evidence. 

The taxonomy developed here separates what has been solved from what has been substituted: detection of isolated bacilli in 

curated fields is largely solved, while counting under agglomeration, grading on the ordinal clinical scale, generalisation across 

laboratories and reliability under acquisition variation are not. The three quantitative anchors of this review, namely the 

collapse from 87.2 to 50.5 percent mean average precision under stricter localisation, the correct grading of only 13.6 percent 

of high-load smears by a commercial system, and the single domain-shift analysis among one hundred and fifty-two studies, 

describe the same underlying situation from three directions. Closing the gap requires no new imaging modality and no 

private data. It requires that the community measure the clinical quantity, on shared data, under the conditions of the clinics 

where the test is actually performed. 
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