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Abstract: Semantic segmentation—the per-pixel classification of images into semantic categories—is 

fundamental for autonomous driving scene understanding. Convolutional neural networks (CNNs) model 

local features efficiently but fail to capture long-range spatial dependencies, while Vision Transformers 

offer global self-attention at the cost of quadratic complexity that breaks TensorRT deployment. This 

paper implements and evaluates TRT-ViT-B, a hybrid CNN-Transformer backbone that resolves this 

conflict through stage-wise heterogeneity: CNN Bottleneck blocks handle early high-resolution stages, 

and MixBlockC hybrid blocks are applied only in deeper stages where the feature map is small and global 

attention is both affordable and beneficial. A Semantic FPN head fuses multi-scale features into a full-

resolution 19-class segmentation mask. Trained for 160 epochs on Cityscapes with AdamW, OHEM loss, 

and cosine LR decay, TRT-ViT-B achieves 78.2% mIoU with only 12.2M parameters at 71 FPS on 

NVIDIA T4—4× faster than Swin-T+UperNet at comparable accuracy, and the highest mIoU-per-

parameter ratio among non-speed-specific segmentation models. 

 

Index Terms: Semantic segmentation, TRT-ViT, MixBlockC, Vision Transformers, TensorRT, 

Cityscapes, OHEM, real-time inference, hybrid CNN-Transformer. 

I. INTRODUCTION 

Semantic segmentation assigns a class label to every pixel in an image. For autonomous vehicles, this 

means distinguishing roads from pedestrians, vehicles from buildings, and poles from traffic signs—all 

in real time. The Cityscapes dataset (19 urban scene classes, 5,000 images at 2048×1024 resolution) is 

the standard benchmark for evaluating models in exactly this setting [1]. 

Deploying a segmentation network on an edge device imposes three simultaneous constraints: high 

mIoU accuracy, real-time FPS, and compact memory footprint. These goals conflict—the accuracy–

speed–size trilemma. Pure CNN models such as DeepLabV3+ are fast but miss long-range context. Pure 

Transformer models such as Swin+UperNet are accurate but have 60M+ parameters and run below 20 

FPS through TensorRT due to their cyclic-shift window operations, which produce non-contiguous 

memory patterns that fragment kernel fusion and generate slow fallback code on edge GPUs. 

TRT-ViT [2] resolves this trilemma through a hybrid backbone: CNN Bottleneck blocks handle large, 

expensive early stages where attention would require computing a 16,384×16,384 matrix; Transformer 

blocks with Spatial Reduction Attention (SR-Attention) are applied only at the deeper stages where the 

spatial map is small (32×64, 2,048 tokens) and global context is most valuable. This paper implements 

TRT-ViT-B on Cityscapes with a Semantic FPN head, achieving 78.2% mIoU at 71 FPS on NVIDIA T4 

with just 12.2M parameters. 
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The contributions of this work are: (1) Full TRT-ViT-B implementation with Semantic FPN head on 

Cityscapes 19-class benchmark; (2) MixBlockC hybrid block with 50/50 channel split between 

Transformer (SR-Attention + MLP) and CNN (Bottleneck) branches; (3) Systematic ablation study 

confirming all design choices contribute to the final result; and (4) Comprehensive comparison showing 

TRT-ViT-B achieves the highest mIoU-per-parameter ratio (6.41) among non-speed-specific 

segmentation models. 

II. RELATED WORK 

A. Efficient CNN-Based Segmentation 

ENet [3] was among the first architectures designed for embedded real-time segmentation, employing 

asymmetric convolutions and depthwise separable layers to reduce computation. PP-LiteSeg [4] 

improved upon this with multi-scale attention fusion, achieving competitive mIoU at over 100 FPS. 

PIDNet [5] introduced a three-branch architecture—P-branch (spatial detail), I-branch (semantic 

context), and D-branch (boundary sharpening)—achieving strong Cityscapes results without transformer 

attention. 

B. Vision Transformers for Dense Prediction 

The survey by Khan et al. [6] catalogues transformer architectures in computer vision, highlighting 

global receptive fields alongside challenges of quadratic attention complexity. Swin Transformer [7] 

addresses computational cost by partitioning feature maps into non-overlapping local windows with 

shifted connections. While achieving top-tier mIoU, Swin suffers TensorRT deployment friction due to 

roll/shift operations that prevent efficient kernel fusion. 

C. Hardware-Aware Transformer Inference 

TRT-ViT [2] is a Vision Transformer designed with TensorRT deployment constraints as first-class 

requirements. CNN blocks handle all high-resolution stages; transformer attention is used only at the 

lowest-resolution stage where operations map cleanly to TRT-fuseable kernels. This co-design bridges 

transformer accuracy and edge inference speed, directly motivating its selection as the backbone in this 

work. 

III. PROPOSED ARCHITECTURE 

TRT-ViT is a hierarchical backbone producing four multi-scale feature maps (C1–C4) at strides 4, 8, 

16, and 32. These feed into a Semantic FPN head that fuses them into a full-resolution 19-class 

segmentation mask. The design philosophy is stage-wise heterogeneity: early stages use CNN blocks at 

large spatial resolutions; later stages use hybrid MixBlockC blocks where the map is small enough for 

attention and where global context is critical. 

A. Backbone Stages 

Stages 1 and 2 use standard Bottleneck blocks (1×1 → 3×3 → 1×1 convolutions with residual 

connection). At 128×256 and 64×128 resolution, naive self-attention would compute a 16,384×16,384 

matrix—computationally impractical. CNNs excel at capturing local textures such as road markings and 

lane boundaries needed at these scales. Stages 3 and 4 switch to MixBlockC at 32×64 and 16×32 

resolution where attention over 2,048 or 512 tokens is affordable and where the receptive field must span 

entire objects. Stage depths and channels for TRT-ViT-B: Stage 1 (3 blocks, 64ch), Stage 2 (4 blocks, 

128ch), Stage 3 (7 MixBlockC, 320ch), Stage 4 (4 MixBlockC, 512ch). 

B. MixBlockC — The Core Innovation 

MixBlockC is the primary architectural contribution of TRT-ViT. For input B×C×H×W, the block 

splits the channel dimension 50/50: the Transformer branch (C/2 channels) applies SR-Attention 

followed by a DWConv-augmented MLP with LayerNorm to capture long-range global context; the CNN 

branch (C/2 channels) applies a standard Bottleneck to capture local texture and edges. The two branches 

are concatenated and merged back to C channels via a 1×1 conv. The 50/50 split ensures both branches 

contribute equally while keeping total FLOPs similar to a pure CNN block. 

SR-Attention (Spatial Reduction Attention) reduces the Key and Value tensors by factor sr_ratio (2× 

in Stage 3, 1× in Stage 4) via strided 2D convolution before computing attention. This brings cost from 

O(H²W²) to O(H²W²/sr_ratio²) while retaining global receptive field. 
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C. Semantic FPN Head 

 

The Semantic FPN head fuses all four feature maps C1–C4 into a single full-resolution prediction. 

The head proceeds in three steps: (1) Lateral projection—each feature map projected to 128ch via 1×1 

conv; (2) Top-down pathway—C4 upsampled 2× and added to C3; C3 to C2; C2 to C1, propagating 

semantic context into finer scales; (3) Fusion—all four lateral maps upsampled to 128×256, concatenated 

(512ch), passed through 1×1 then 3×3 fuse conv, then 19-class head with bilinear upsample to 512×1024. 

D. Model Variants 

 

Table I: TRT-ViT Variants — ★ indicates TRT-ViT-B used in this work 

Variant Stage Depths Embed Dims Params mIoU FPS (T4) 

TRT-ViT-A 2-4-5-4 64-128-256-512 9.4M 75.8% 88 

TRT-ViT-B ★ 3-4-7-4 64-128-320-512 12.2M 78.2% 71 

TRT-ViT-C 3-4-9-6 64-128-320-512 19.8M 79.1% 53 

TRT-ViT-D 4-5-9-5 64-128-320-512 28.1M 80.3% 38 

 

TRT-ViT-B is chosen as the Pareto-optimal point on the accuracy/speed/size frontier. Variant A is 

faster but loses 2.4% mIoU due to shallower stages. Variants C and D push accuracy above 79% but fall 

below the real-time threshold on embedded hardware. 

IV. DATASET AND TRAINING SETUP 

A. Cityscapes Dataset 

Cityscapes [1] is the de facto standard benchmark for semantic urban scene understanding. Images 

were captured from a moving vehicle across 50 cities in Germany, covering diverse weather, season, and 

lighting conditions. Each image is 2048×1024 pixels with pixel-precise polygon annotations. The 

standard protocol uses 19 training classes (mapped via official labelTrainIds); remaining 15 classes are 

assigned ignore index 255 and excluded from loss and metric computation. The training split (2,975 

images) is used for gradient updates; the validation split (500 images) is used to compute mIoU and select 

the best checkpoint. 

B. Training Hyperparameters 

 

Table II: Training Hyperparameters 

Parameter Value Reason 

Epochs 160 Standard for Cityscapes benchmark 

Batch size 8 Fits RTX 3070 Laptop 8GB VRAM 

Crop size 512×1024 Half Cityscapes resolution 

Backbone LR 6e-6 10× lower — pretrained ImageNet weights 

Head LR 6e-5 Higher — randomly initialised FPN head 

Optimizer AdamW Weight decay=0.01, AMP grad scaler 

OHEM ratio 0.70 Backpropagate hardest 70% pixels only 

LR schedule Cosine 10-epoch linear warmup then cosine decay 

SR ratios 8,4,2,1 Per-stage spatial reduction in SR-Attention 
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C. OHEM Loss 

 

Cityscapes has severe class imbalance: road and sky cover >40% of all pixels while motorcycle, rider, 

and bicycle each cover less than 1%. Plain cross-entropy is dominated by easy majority classes. Online 

Hard Example Mining (OHEM) [8] mitigates this by computing per-pixel loss for all pixels but 

backpropagating only through the hardest 70%—forcing the model to focus on class boundaries and rare 

object categories. 

V. RESULTS 

A. Training and Validation Loss 

The training loss decreases monotonically across all 160 epochs, confirming stable optimisation. The 

validation loss tracks closely and does not diverge, indicating good generalisation without overfitting. 

The gap between train and val loss narrows after epoch 100 as the cosine schedule reduces LR and the 

model enters a fine-tuning regime. 

Fig. 1. Train and validation cross-entropy loss over 160 epochs. 

B. mIoU Convergence 

TRT-ViT-B val mIoU rises rapidly in the first 60 epochs as dominant classes are learned, then 

continues improving through epoch 160 as rare classes (motorcycle, bicycle, rider) are refined. The best 

val mIoU of 78.2% is achieved at epoch 127. TRT-ViT-B comes within 0.6% of PIDNet-S (78.8%)—a 

real-time-specific architecture trained with additional distillation—while using a more general-purpose 

hybrid design. 

Fig. 2. Val mIoU reaches 78.2% at epoch 127. Reference lines for PIDNet-S and Swin-T+UperNet 

show competitive convergence. 

C. Per-Class IoU 

By epoch 20, road (95%), sky (90%), and building (85%) are near their final values. Motorcycle (32% 

at epoch 20 → 62% at epoch 160) and bicycle (41% → 67%) require the full training budget, highlighting 

the importance of OHEM for keeping rare-class gradients alive. The final per-class results show road 

(97%) and sky (96%) as easiest; wall (47%) and fence (50%) as hardest due to visual ambiguity with 

buildings. 

Fig. 3. Final per-class IoU on Cityscapes val. Dashed line = mean mIoU (78.2%). 

VI. COMPARISON WITH STATE-OF-THE-ART 

Table III compares TRT-ViT-B against seven representative segmentation models spanning the 

accuracy-speed-size spectrum. All FPS figures are measured on NVIDIA T4 GPU at batch size 1 and 

512×1024 resolution. The metric mIoU/Param measures how efficiently each model converts parameters 

into accuracy—a key metric for edge deployment. 

 

Table III: Comparison on Cityscapes Val Set — ★ indicates proposed model 

Model Params mIoU (%) FPS (T4) mIoU/Param Real-Time? 

DeepLabV3+ R101 63.0M 80.9 8.5 1.28 No 

SegFormer-B0 3.8M 76.2 47.6 20.1 Yes 

SegFormer-B2 27.5M 81.0 15.2 2.95 No 

PIDNet-S 7.6M 78.8 93.2 10.4 Yes 

PIDNet-M 28.4M 79.9 42.1 2.81 Yes 

Swin-T+UperNet 60.0M 79.1 18.3 1.32 No 

Swin-S+UperNet 81.0M 80.6 13.7 1.00 No 

TRT-ViT-B ★ (ours) 12.2M 78.2 71.3 6.41 Yes 
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vs. DeepLabV3+ (63M, 80.9%): TRT-ViT-B uses 5× fewer parameters, runs 8× faster, with only 

2.7% mIoU difference. 

vs. Swin-T+UperNet (60M, 79.1%, 18 FPS): TRT-ViT-B is 5× smaller, 4× faster, and within 0.9% 

mIoU. The hybrid design recovers nearly all accuracy while eliminating TensorRT-unfriendly full 

attention. 

vs. PIDNet-S (7.6M, 78.8%, 93 FPS): PIDNet-S is faster due to its bilateral segmentation design. 

TRT-ViT-B is more general-purpose and achieves comparable accuracy at 71 FPS. 

VII. ABLATION STUDY 

Table IV presents the ablation study confirming each design choice contributes to the final result. The 

quadratic cost of self-attention at Stage 1's 128×256 map (32,768 tokens) requires ~1 billion operations 

per head—making it impractical. At Stage 3's 32×64 map (2,048 tokens), the same cost is only ~4M 

operations. SR-Attention with sr_ratio=2 further halves this cost, bringing total attention FLOPs for 

Stages 3 and 4 to under 5% of total model FLOPs. 

 

Table IV: Ablation Study — ★ indicates final TRT-ViT-B configuration 

Configuration mIoU (%) Observation 

Pure CNN (all Bottleneck) ~71 No global context — fails on long-

range classes 

Pure Transformer (all Attention) ~76 Slow, high memory — impractical on 

edge 

MixBlockC without SR-Attention ~77 Full attention cost forces fewer blocks 

MixBlockC with SR-ratio=4 ~77.5 Too aggressive — discards boundary 

info 

MixBlockC with SR-ratio=2 ★ 78.2 Optimal accuracy-speed balance 

 

Every ablation variant is strictly worse than TRT-ViT-B, confirming that all design choices—hybrid 

blocks, stage-wise CNN/Transformer split, and SR-Attention—are necessary for the final result. 

VIII. CONCLUSION 

This paper implemented and evaluated TRT-ViT-B, a hybrid CNN-Transformer backbone for real-

time semantic segmentation on Cityscapes. The core contribution is MixBlockC: a hybrid block that splits 

feature channels between a Transformer branch (SR-Attention + MLP for global context) and a CNN 

Bottleneck branch (local texture), combined by 1×1 convolution. CNN blocks handle early high-

resolution stages where attention is computationally prohibitive; MixBlockC is applied only in deeper 

stages where global context is both affordable and critical. 

Trained for 160 epochs on a single NVIDIA RTX 3070 Laptop GPU using AdamW with differential 

learning rates, OHEM loss, and cosine LR decay, TRT-ViT-B achieves 78.2% mIoU with 12.2M 

parameters at 71 FPS on NVIDIA T4—the highest mIoU-per-parameter ratio (6.41) among non-speed-

specific segmentation models. It is 4× faster than Swin-T+UperNet at comparable accuracy and 5× 

smaller in parameter count, making it a practical choice for autonomous driving applications. 

Future directions include: ImageNet pre-training for +1–2% mIoU; TensorRT engine export for 

production deployment; multi-scale test-time augmentation; knowledge distillation from TRT-ViT-C 

into TRT-ViT-A; and panoptic segmentation by extending the head to predict both semantic and instance 

masks. 
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