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Abstract

Tuberculosis has been a major challenge in the global public health sector, affecting millions of
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people annually, including tens of thousands of fatalities. Despite the existence of effective treat-
ment methods, timely diagnosis and early intervention remain crucial in preventing the spread of
lesions. Surgical intervention has emerged as an effective means of treatment. This paper intro-
duces a minimally invasive surgical robot-based tuberculosis lesion recognition technology, which
is built upon the YOLOv2 algorithm. This technology combines robot system design, endoscopy,
the K210 visual recognition module, and the YOLOv2 recognition algorithm to enhance the identi-
fication accuracy and the handling efficiency for real-time recognition. The paper constructed a
diverse training dataset, conducted deep network training using the YOLOv2 algorithm, and eva-
luated performance metrics, including accuracy, recall, precision, and F1 score. Experimental re-
sults demonstrate that this technology offers high accuracy and efficiency, with the potential to
enhance tuberculosis detection and treatment.
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Figure 1. Minimally invasive surgical robot
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Figure 2. Structure diagram of minimally invasive surgical robot
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#E A EIR

dataset = LoadImages (data_path) # data_path H#E47 k&l () 4G SO e 4%

for img_path, img, im0s, _ in dataset:

img = torch.from_numpy (img).to (model.device)

#IEATHERE

pred = model (img) [0] # BEATHERE

pred = non_max_suppression (pred, conf_thres = 0.5, iou_thres = 0.4) [0] #iZ i€ 45 R

#AL B AN 45 2R

if pred is not None and len (pred):

det = pred [0] # FREUE— AN 45

det [:,:4] = scale_coords (img.shape [2:], det [:, :4], im0Os.shape).round () #2854 il iZ FAE

for * xyxy, conf, cls_conf, cls in det:

label = class_names [int (cls)]

R T )20 4

#1E UG 210 FAE

c1, ¢2 = (int (xyxy [0]), int (xyxy [1])), (int (xyxy [2]), int (xyxy [3]))

4, MEETEEESSER S
4.1, NNEBIEE
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Figure 3. Relationship between performance indicators and number of lesions
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Figure 4. Test results
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