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A Systematic Accuracy—Efficiency Evaluation of
YOLOI11 for Fine-Grained Vehicle Detection in

Urban CCTYV Traffic
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Abstract: Fine-grained vehicle detection in urban CCTV
imagery requires balancing recognition quality and inference
efficiency. This paper presents a systematic empirical evaluation
of YOLOI1 on the BMD-45 urban traffic dataset using the
provided experimental results. The study evaluates model scale,
input resolution, augmentation configuration, hardware platform,
and class-wise performance. For YOLOIIn at 640%640, the
reported precision, recall, mAP@0.50, and mAP@0.50:0.95 are
91.40%, 87.20%, 93.10%, and 68.20%, respectively, with a mean
latency of 18.7 ms and 53.48 FPS on the reported T4
configuration. Scaling from YOLOIIn to YOLOI1Il increases
mAP@0.50:0.95 by 5.40 percentage points but increases latency
from 18.7 to 48.6 ms. Increasing resolution from 416x416 to
768%768 increases mAP@0.50:0.95 by 5.30 percentage points
while latency rises from 11.8 to 27.9 ms. The supplied hardware
results range from 77.52 FPS on an L4 configuration to 5.43
FPS on the reported CPU baseline. Under the supplied
conditions, the analysis identifies YOLOIIn at 640%640 as a
practical low-latency operating point [1]-[6].
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I. INTRODUCTION

Urban traffic-monitoring systems increasingly rely on

computer vision to obtain vehicle-level information from
CCTV streams. Fine-grained detection is more demanding
than generic vehicle detection because it must distinguish
visually related categories under viewpoint, scale, occlusion,
and illumination variation.

Real-time deployment introduces a second requirement: a
detector must achieve sufficient accuracy while maintaining
predictable inference latency. This creates an accuracy—
efficiency frontier: larger models and higher input
resolutions may improve detection quality but require more
computation.

YOLOI11 is a contemporary real-time object-detection
family released by Ultralytics. BMD-45 is relevant because
it contains large-scale urban CCTV imagery and a fine-
grained vehicle taxonomy.
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This study characterises how model capacity, image
resolution, augmentation, and hardware affect YOLOI11
performance for fine-grained traffic detection.

A. Dataset and Experimental Setup

BMD-45 is an India-specific urban CCTV vehicle-
detection dataset with 45,986 images, about 481,947
bounding boxes, and 14 vehicle categories. The reported
split contains 35,792 training images and 10,194 validation
images, with a separate test split whose annotations are
withheld.

The primary configuration uses YOLO11n with pretrained
initialisation, 640%640 input, a 10,000-image training subset,
a 2,000-image validation subset, 100 epochs, batch size 8§,
seed 42, and the reported Colab T4 platform.

Table I: Primary Experimental Configuration

Parameter Configuration
Model YOLOlIn
Input 640%x640
Initialization Pretrained
Training subset 10,000 images
Validation subset 2,000 images
Epochs 100
Batch size 8
Seed 42
Primary hardware Colab T4

II. EVALUATION METRICS

We report performance wusing precision, recall,
mAP@0.50, mAP@0.50:0.95, mean latency, P95 latency,
and FPS. Derived quantities are calculated only from the
supplied measurements. For latency in milliseconds, FPS
follows the reciprocal relationship FPS = 1000/t. Parameter
efficiency is used only as a descriptive ratio.

III. RESULTS
A. Primary YOLO11n Result

Metric Value

Precision 91.40%

Recall 87.20%

mAP@0.50 93.10%

mAP@0.50:0.95|  68.20%

Mean latency 18.7 ms
FPS 53.48

The primary YOLOI1n configuration achieves 68.20%
mAP@0.50:0.95 with 18.7 ms mean latency and a reported
53.48 FPS.
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Traffic
B. Model-Size Ablation Augmentation| Precision | Recall \/mAP50, mAP50-95
T None 88.60% | 83.10% |89.90%| 64.10%
8 Basic 90.20% 85.20% [91.80%| 66.10%
76 4 k50 Standard 91.40% 87.20% [93.10%| 68.20%
Strong 91.60% 86.90% [93.40%| 68.60%
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[Fig.1: Accuracy and Latency as YOLO11 Model Size

Increases|

Model Params (M) | mAP50-95 | Latency (ms) | FPS

YOLOl1n 2.6 68.20% 18.7 5348

YOLOLl1s 9.4 70.10% 25.4 39.37

YOLOI11m 20.1 72.40% 39.8 25.13

YOLO111 25.3 73.60% 48.6 20.58
YOLOI11l  gains 5.40  percentage  points  of
mAP@0.50:0.95 over YOLOIlIln, but mean latency

increases by 29.9 ms. The supplied model-size sweep
therefore shows a clear accuracy—latency trade-off.

C. Resolution ablation
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[Fig.2: Effect of Input Resolution on mAP@0.50:0.95
and Mean Latency]
Resolution | mAP50-95 | Latency (ms) | FPS
416x416 64.10% 11.8 84.75
512x512 66.10% 15.2 65.79
640x640 68.20% 18.7 53.48
768x768 69.40% 279 35.84
Relative to 416x416, 768x768 improves

mAP@0.50:0.95 by 5.30 percentage points but adds 16.1
ms latency. The 640x640 setting provides most of the
observed gain before the sharpest latency increase.

D. Augmentation Ablation
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[Fig.3: Precision, Recall, and mAP@0.50:0.95 Across
Augmentation Settings]
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[Fig.4: Reported throughput and Mean Latency Across
Hardware Configurations]

Platform Mean latency | P95 latency| FPS
Colab T4 18.7 ms 234ms | 5348
Platform Mean latency | P95 latency| FPS
Colab L4 12.9 ms 16.7ms | 77.52
RTX 4060 Laptop 15.6 ms 199ms | 64.10
CPU (i7-12700H) 184.2 ms 231.6ms | 543

The L4 configuration reports 77.52 FPS, whereas the
CPU baseline reports 5.43 FPS. The throughput ratio is
14.28x.

F. Class-wise Analysis

Class-wise YOLOL1n performance
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[Fig.5: YOLO11n Class-Wise mAP@0.50:0.95 Across

the 14 BMD-45 Categories]

Class-wise mAP@0.50:0.95 ranges from 59.30% for
Tempo-traveller to 75.30% for Other. The unweighted mean
is 66.01%, with a range of 16.00 percentage points and a
population standard deviation of 5.28 percentage points.
This variation shows that aggregate mAP does not fully
capture category-level behaviour.

IV. DISCUSSION

consistent

show a

The supplied measurements
accuracy—efficiency  trade-
off. Larger models improve
mAP but reduce throughput,
while higher input resolution
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increases accuracy at a progressively larger latency cost. The
640%640 configuration is an attractive operating point in the
supplied resolution sweep because the 6404768 transition
produces only a 1.20-point mAP gain while adding 9.2 ms
latency.

Hardware selection strongly affects deployment
feasibility: the reported L4 configuration is 14.28x faster
than the CPU baseline. Class-wise results further indicate
meaningful heterogeneity across vehicle categories.
However, the available results do not include image-level
predictions, confusion matrices, object-size strata, or class-
frequency statistics, so these data alone cannot establish
causal explanations for class differences.

V. LIMITATIONS AND REPRODUCIBILITY

The current evidence is based on the supplied
subset/validation = measurements. The official test
annotations are withheld, so the paper does not establish
generalisation on held-out test data. The supplied results also
lack repeated random-seed experiments, raw epoch logs,
exact software-package versions, checkpoint hashes, and a
complete latency-measurement protocol. Before final journal
submission, the principal experiments should be repeated
across independent seeds, with uncertainty intervals, training
curves, confusion matrices, error examples, and, where
available, official held-out-test evaluation.

VI. CONCLUSION

This paper  presents an accuracy—efficiency
characterisation of YOLOI11 for fine-grained vehicle
detection in urban CCTV traffic. YOLO11ln at 640x640
reports 68.20% mAP@0.50:0.95 with 18.7 ms mean latency
and 53.48 FPS on the reported T4 configuration. Larger
models improve accuracy but incur substantial latency,
while 640x640 provides a favourable point in the
observed resolution trade-off. Hardware choice can change
throughput by more than an order of magnitude. The study
therefore provides a practical basis for selecting YOLOI11
configurations based on deployment constraints, while
clearly identifying the additional experiments needed to
support stronger statistical and generalisation claims.
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